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ABSTRACT OF THE DISSERTATION
Thermally Evolved & Separated Composition of Atmospheric Aerosols: Development and
Application of Advanced Data Analysis Techniques for a Thermal Desorption Aerosol Gas
Chromatograph (TAG)
by
Yaping Zhang
Doctor of Philosophy in Energy, Environmental and Chemical Engineering
Washington University in St. Louis, 2015
Professor Brent Williams, Chair
Atmospheric organic aerosols are composed of thousands of individual compounds, interacting
with climate through changes in aerosol optical properties and cloud interactions, and can be
detrimental to human health. Aerosol mass spectrometry (MS) and gas chromatography (GC)separated MS measurements have been utilized to better characterize the chemical composition
of this material that comes from a variety of sources and experiences continuous oxidation while
in the atmosphere. This dissertation describes the development of a novel rapid data analysis
method for grouping of major components within chromatography-separated measurements and
first application using thermal desorption aerosol gas chromatograph (TAG) – MS data.
Chromatograms are binned and inserted directly into a positive matrix factorization (PMF)
analysis to determine major contributing components, eliminating the need for manual
compound integrations of hundreds of resolved molecules, and incorporating the entirety of the
eluting MS signal, including Unresolved Complex Mixtures (UCM) and decomposition products
that are often ignored in traditional GC-MS analysis.

xii

Binned GC-MS data has three dimensions: (1) mass spectra index m/z, (2) bin number, and (3)
sample number. PMF output is composed of two dimensions; factor profiles and factor time
series. The specific arrangement of the input data (three dimensions of variation structured as a
two dimensional matrix) in a two dimensional PMF analysis affects the structure of the PMF
profiles and time series output. If mass spectra index is in the profile dimension, and bin number
and sample number are in the time series dimension, PMF groups components into factors with
similar mass spectra, such as major contributing individual compounds, UCM with similar
functional composition, and homologous compound series. This type of PMF analysis is
described as the binning method for chromatogram deconvolution, and is presented in Chapter 2.
If the sample number is in the time series dimension, and the bin number and mass spectra index,
arranged as mass spectra resolved retention time/chromatogram (bin number), are in the profile
dimension, PMF groups components with similar time series trends. This type of PMF analysis is
described as binning method for source apportionment, and is described in Chapter 3.
The binning methods are compared to traditional compound integration methods using
previously-collected hourly ambient samples from Riverside, CA during the 2005 Study of
Organic Aerosols at Riverside (SOAR) field campaign, as discussed in Chapters 2-3. Further
application of the binning method for source apportionment is performed on newly acquired
hourly TAG data from East St. Louis, IL, operated as part of the 2013 St. Louis Air Quality
Regional Study (SLAQRS). Major sources of biogenic secondary organic aerosol (SOA),
anthropogenic primary organic aerosol (POA) were identified, as described in detail in Chapter
4. Finally, our PMF separation method was tested for reliability using primary and secondary
sources in a controlled laboratory system. As shown in Chapter 5, we find that for application of
PMF on receptor measurements, high signal intensity and unique measurement profiles, like

xiii

those found in TAG chromatograms, are keys to successful source apportionment. The binning
method with component separation by PMF may be a valuable analysis technique for other
complex data sets that incorporate measurements (e.g., mass spectrometry, spectroscopy, etc.)
with additional separations (e.g., volatility, hygroscopicity, electrical mobility, etc.).

xiv

Chapter 1: Introduction
1.1

Background and motivation

Atmospheric aerosols can impact human health (Dominici et al. 2006; Gauderman et al. 2015),
atmospheric visibility (Junjun et al. 2014; Sun et al. 2006), the water cycle, and climate change
(IPCC 2013). Anthropogenic and natural sources emit primary pollutants, which undergo
atmospheric chemical and physical transformation to produce secondary pollutants. Organic
aerosols (OA) account for 20-70% of total fine aerosols (PM1) (Jimenez et al. 2009). Their
chemical composition can contain thousands of organic compounds, whose sources and
transformations are not fully understood due to their complexity and active thermal dynamic
properties (Hallquist et al. 2009).
In the past several decades, great progress has been made in measuring OA chemical
composition through new analytical techniques that measure in-situ, with higher time resolution,
greater chemical resolution, and with better detection limits. (Hallquist et al. 2009). The thermal
desorption aerosol gas chromatograph (TAG) system is one type of these instruments, capable of
automated, one-hour time resolution, speciated chemical resolution of atmospheric OA
(Williams et al. 2006). Apportioning OA mass to different sources or transformation processes
is challenging because of the complexity of organic composition and temporal variability of
atmospheric meteorology and emission sources, as well as the impact of atmospheric aging that
continuously changes OA composition in complex ways. Source apportionment of OA measured
by TAG presents several challenges. Firstly, its complex data structure is composed of hundreds
of resolved chromatographic peaks that could require years to manually inspect peak integrations
for long sampling periods, causing significant time delays prior to performing source
1

apportionment analyses. Secondly, the integration method does not include the unresolved
complex mixtures (UCMs), composed of hundreds to thousands of co-eluting compounds with
similar mass spectral features and accounts for a large fraction of the total chromatographic
eluting mass. New analysis tools are required to simplify data processing time and incorporate
the total eluting mass from in-situ measurements like those of the TAG system.
Finally, positive matrix factorization (PMF) is now widely used for source apportionment in the
atmospheric sciences. However, there is no published laboratory study testing its reliability for
atmospheric source apportionment purposes. PMF is simply a factorization technique that
separates data into major covarrying components. Much interpretation is left for the operator, to
determine how many components best explain the data and what each component represents. In
the atmosphere, PMF components may represent different emission source, but may also
represent oxidative aging processes, formation of secondary sources, meteorological changes, or
even thermo-dynamic processes such as gas-particle phase partitioning changes associated with
aerosol mass loadings, temperature changes, or aerosol composition and activity coefficient
changes. Simple, controlled laboratory experiments could be used to test the ability of our PMF
separation tool to clearly divide known composition changes.

1.2

Objectives

My first objective was to develop a rapid and novel data analysis method for
chromatographically separated mass spectral data. My second objective was to perform organic
aerosol source apportionment analysis on TAG data from ambient field measurements, applying
my novel data analysis method. My final objective was to test PMF source apportionment
capability on primary and secondary source in a controlled lab system.

2

While our original intent for the development of a rapid and novel data analysis method was for
the purpose of source apportionment, the first technique was better served for chromatogram
deconvolution. After the further investigation, a second technique was developed for source
apportionment. Here, I’ll firstly introduce the novel method for chromatogram deconvolution,
followed by the second method for source apportionment.

1.3

Approach

1.3.1 Advanced data analysis development for chromatogram deconvolution
The chromatograms were divided into many “chromatography bins” containing total eluting
mass spectra (both from resolved species and Unresolved Complex Mixture (UCM)), instead of
only integrating resolved peaks as is performed in the traditional chromatography analysis
method. Positive Matrix Factorization (PMF), which requires a two dimensional data matrix as
input, was applied to the summed mass spectra of the chromatography bins using the PMF input
matrix where the column dimension is the mass spectra m/z index, and the row dimension starts
with the first bin’s mass spectra and occupies rows 1 to b, where b is the bin number, the second
bin’s mass spectra starts on the following row and goes from b+1 to 2×b, and so on. Chapter 2
describes the development of this novel method in detail, which I refer to as the binning method
for chromatogram deconvolution.

1.3.2 Advanced data analysis development for source apportionment
Gas chromatograms are divided by retention time into evenly spaced bins, within which the mass
spectra are summed. A previous chromatogram binning method was introduced for the purpose
of deconvoluting chromatogram structure. Here I extend the method development for the specific
purpose of determining the covariance of samples for the purpose of aerosol source
apportionment, and apply it to previously collected TAG data from the 2005 Study of Organic
3

Aerosols at Riverside (SOAR) measurement campaign, where a source apportionment analysis
using the traditional compound integration technique had already been performed and is used
here for comparison. Chromatogram bins are arranged in a positive matrix factorization (PMF)
data matrix, where the sample number is the row dimension, and the mass spectra-resolved
eluting time intervals (bins) are the column dimension. Chapter 3 describes the details of this
binning method for source apportionment.

1.3.3 Major components of organic aerosol measured by TAG in the St. Louis
region, USA
The chromatogram binning method for source apportionment was applied to the 2-month-long
TAG data from the St. Louis Air Quality Regional Study (SLAQRS). TAG data has recently
been discovered to offer additional information on the thermally-labile fraction of OA,
decomposing in the collection system as compounds are transferred onto the GC column. Two
separate PMF analyses were performed on TAG SLAQRS data, one for the thermal
decomposition fraction to better determine what information is contained in this newly analyzed
signal, and the other for eluting compounds as would traditionally be applied or source
apportionment of the OA fraction of total PM2.5. The collocated instrument measurements –
aerosol mass spectrometer (AMS), proton transfer reaction mass spectrometer (PTR-MS), etc. as
well as meteorological information were used to assist to determine the major sources of
measured samples. Chapter 4 presents the findings of the major organic aerosol sources in the St.
Louis Region.

1.3.4 PMF capability test using primary and secondary sources in a
controlled laboratory system

4

We performed simple mimics of atmospheric plumes (and mixed plumes) by generating primary
and secondary emissions in a custom built combustion chamber coupled with a Potential Aerosol
Mass (PAM) reactor. A Thermal desorption Aerosol GC/MS (TAG) and an Aerodyne Aerosol
Mass Spectrometer (AMS) measured the aerosol composition. PMF was then applied to the mass
spectra of the TAG chromatography “bins” and that of the AMS, separately. Chapter 5 presents
the findings of the PMF capability test.

1.4

Significant findings

1.4.1 Advanced data analysis development for chromatogram deconvolution
The high-factor solutions (e.g., 20 factors) of binning method PMF can separate many individual
compounds, homologous compound series, and UCM from chromatography data. In addition,
the binning method took only a small fraction of the time to complete compared to peakintegrated method, significantly saving operator time and effort. PMF factors are not highly
sensitive to the specific PMF error estimation method applied. PMF factor results when using
this binning method are optimized when bin widths are similar to the width of eluting
compounds, and further decreases of bin width does not offer additional chemical resolution and
only takes additional processing power.

1.4.2 Advanced data analysis development for source apportionment
A six-factor PMF comparison among AMS, TAG binning, and conventional TAG compound
integration shows that the TAG binning method performs similarly to the integration method.
However, the new binning method incorporates the entirety of the data set and requires
significantly less pre-processing of the data than conventional single compound identification
and integration. Bin width affects chemical resolution, but does not affect PMF retrieval of the
sources’ time variations for low-factor solutions. A bin width smaller than the total retention
5

shift among all samples requires retention time shift correction. Retention time shift corrections
using the median value of the different peaks’ retention time shifts in each sample worked well
for the TAG dataset analyzed here.

1.4.3 Major components of organic aerosol measured by TAG in the St. Louis
region, USA
A nine-factor PMF solution for TAG decomposition region and eight-factor PMF solution for
TAG compound region were explored for TAG particle-phase data. The nine-factor solution for
decomposition window revealed two isoprene-derived oxygenated organic aerosol (OOA)
factors featuring known Isoprene EPOXydiol (IEPOX) SOA signatures. One of these factors is
elevated at night (isoprene OOA) and the other factor (isoprene OOA_sulfate) is elevated during
the daytime and has enhanced sulfate signal. The isoprene OOA_sulfate factor likely formed
when acidic sulfate aerosols enhanced IEPOX uptake into the aerosol phase, likely through
production of dimers and organosulfates etc. A carbon-rich sulfate factor was also observed
during the presence of this isoprene OOA_sulfate factor. This carbon-rich sulfate factor and 3
other observed sulfate factors (with similar mass spectral features but different volatilities or
decomposition temperatures), when summed display a good correlation (R=0.8) with aerosol
mass spectrometer (AMS) sulfate, suggesting TAG is capable to quantify the sulfate component.
In addition to analyzing the thermal decomposition component, an eight-factor PMF solution
was determined using only the compound window, similar to previous GC/MS methods, and
three major categories of components were discovered: SOA, PAH and HOA. The major SOA
component is correlated with isoprene OOA components from the decomposition analysis. Four
types of HOA have good correlations with different tracer compounds. HOA-1 has good
correlation with alkanes, caffeine, and cotinine (tobacco tracer), suggesting it may be from local
traffic, residential areas, or restaurants. HOA-2 has an unknown source, there are indicators that
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HOA-3 may be from a local wastewater treatment plant incinerator, and HOA-4 has good
correlation with hopanes, implying it was from traffic. Finally, including the TAG
decomposition window in PMF analysis with binning method significantly increased the fraction
of analyzed OOA by 50% for the SLAQRS dataset, highlighting the importance to incorporate
this fraction of TAG signal in future studies.

1.4.4 PMF capability test using primary and secondary sources in a
controlled laboratory system
PMF appears to work successfully for analysis of TAG chromatograms on the sources with high
signal intensity. However, PMF only works well for the AMS measurements on sources with
high measurement intensity that have a distinctive mass spectrum. We thus find that, for
application of PMF on receptor measurements, high signal intensity and unique measurement
profile, like TAG chromatograms, are keys to successful source apportionment.
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Chapter 2: A technique for rapid gas chromatography
analysis applied to ambient organic aerosol measurements
from the Thermal desorption Aerosol Gas chromatograph
(TAG)
This chapter has been published as, “A technique for rapid chromatography analysis applied to
ambient organic aerosol measurements from the thermal desorption aerosol gas chromatograph
(TAG)” by Zhang, Y., B.J. Williams, A.H. Goldstein, K. Docherty, I.M. Ulbrich, J.L. Jimenez in
Aerosol Sci. and Technol., 48 (11), 1166-1182, 2014.

Abstract
While automated techniques exist for the integration of individual gas chromatograph peaks,
manual inspection of integration quality and peak choice is still required due to drifting retention
times and changing peak shapes near detection limits. The feasibility of a simplified method to
obtain multiple bulk species classes from complex gas chromatography data is investigated here
with data from the thermal desorption aerosol gas chromatograph (TAG). Chromatograms were
divided into many “chromatography bins” containing total eluting mass spectra (both from
resolved species and Unresolved Complex Mixture (UCM)), instead of only integrating resolved
peaks as is performed in the traditional chromatography analysis method. Positive Matrix
Factorization (PMF) was applied to the mass spectra of the chromatography bins to determine
major factors contributing to the observed chemical composition. PMF factors are not highly
sensitive to the specific PMF error estimation method applied. Increasing the number of
chromatography bins that each chromatogram was divided into improved PMF results until
reaching 400 bins. Increasing the number of bins above 400 does not significantly improve the
PMF results. This is likely due to 400 bin separation providing bin widths (4.6 seconds) that
match the narrowest peak widths (4.8 seconds) of compounds found in the TAG chromatograms.
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The bin-based method took only a small fraction of the time to complete compared to peakintegrated method, significantly saving operator time and effort. Finally, high-factor solutions
(e.g., 20 factors) of bin-based PMF can separate many individual compounds, homologues
compound series, and UCM from chromatography data.

2.1

Introduction

Atmospheric particles have significant effects on human health (Dimitrova et al. 2012; Dockery
et al. 1993; Mauderly and Chow 2008; Pope et al. 2009; Schwartz et al. 1996), visibility (Baumer
et al. 2008; Sisler and Malm 1994; White and Roberts 1977), hydrological cycle (Ramanathan et
al. 2001), and climate change (IPCC 2007; Ramanathan et al. 2001). The mass of Organic
Aerosol (OA), a major component of submicron aerosols worldwide, represents 20%-90% of
total fine particle mass (Jimenez et al. 2009; Kanakidou et al. 2005). OA can be divided into
Primary OA (POA) which is emitted directly in particulate form from fossil fuels combustion,
biomass burning, cooking, etc., and Secondary OA (SOA) formed from atmospheric gas-toparticle conversion processes which dominates the global ambient OA mass burden (Jimenez et
al. 2009). The chemical composition of OA has also been separated broadly into Hydrocarbonlike OA (HOA) and Oxygenated OA (OOA), the latter accounting for on average 80% of OA
(Zhang et al. 2007). In the past several decades, great progress has been made in measuring OA
chemical composition through new analytical techniques that measure in-situ, with higher time
resolution, greater chemical resolution, and with better detection limits. (Hallquist et al. 2009).
Many off-line filter-based methods have been applied to OA analysis using techniques such as
Gas Chromatography/Mass Spectrometry (GC-MS) (Ho et al. 2008), Fourier Transform Infrared
(FTIR) Transmission spectroscopy (Maria et al. 2002), and Nuclear Magnetic Resonance (NMR)
spectroscopy (Decesari et al. 2007). The on-line measurement techniques include total organic
10

carbon measurements with the OC/EC aerosol analyzer (Bauer et al. 2009); the Aerosol Time-ofFlight Mass Spectrometer (ATOFMS) for single particle analysis (Noble and Prather 2000); the
Aerodyne Aerosol Mass Spectrometer (AMS) for total OA measurements and O/C, H/C, and
N/C elemental analysis (Aiken et al. 2007; Canagaratna et al. 2007) and now operating with
various types of ionization (electron impact, VUV, etc.); and the Thermal desorption Aerosol
Gas chromatograph (TAG) (Williams et al. 2006), two dimensional TAG (2D-TAG) (Goldstein
et al. 2008), and semi-volatile TAG (SV-TAG) (Zhao et al. 2013b) for individual compound
measurements. In this paper, although there are other techniques that are able to measure OA
(e.g., OC/EC analyzer), AMS and TAG have been chosen for comparison since they make
complementary mass spectral measurements and their comparisons can help to inform on the
performance of each instrument and the chemical composition of ambient OA. In a recent
development, the TAG and AMS have been combined to share the same high-resolution
electron-impact-ionization time-of-flight mass spectrometer but alternate between the total OA
mass spectra in AMS mode and the speciated organic compounds analysis in TAG mode
(Williams et al. 2014). AMS and TAG systems have complementary strengths (Hallquist et al.
2009). The AMS system has high completeness of mass analyzed (on the order of ̴ 100% of OA
in the atmosphere) with limited chemical resolution, and the TAG system has high chemical
resolution with limited completeness of mass analyzed on the order of 20% in an HOA-rich
environment and as low as 10% of OA in the atmosphere when ambient OA is composed largely
of oxygenated species as deployed at Study of Organic Aerosol at Riverside (SOAR). TAG-PMF
derived HOA and OOA account for nearly equivalent total ion signal. Since OOA was estimated
to be about 4 times larger than HOA during SOAR (Docherty et al. 2011), this suggest that OOA
is detected about 4 times less efficiently than HOA by this TAG system. However, as shown by
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Williams et al. the comparison between TAG and AMS was still feasible since the variability of
HOA and OOA is acquired through the measured portions of total HOA and OOA. A
quantitative comparison requires scaling TAG PMF factors through a fit to total organic aerosol
mass (Williams et al. 2010).
Apportioning OA mass to different sources or transformation processes is challenging because of
the complexity of organic composition and temporal variability of atmospheric meteorology and
emission sources, as well as the impact of atmospheric aging that continuously changes OA
composition in complex ways. Two widely-utilized methods have been developed to
characterize sources of OA – Chemical Mass Balance (CMB) and Factor analysis (FA).
Chemical Mass Balance (CMB) uses chemical characteristics of OA measured at source and
receptor to both identify the presence of sources and to quantify the source contributions to
receptor concentrations (Schauer et al. 1996). Typically OA is collected on filters which are later
measured by Gas Chromatography - Mass Spectrometry method (GC-MS) for chemical
characterization on molecular level (Ho et al. 2008), but it can also be applied data from other
techniques such as AMS (Ng et al. 2011). CMB assumes that all sources contributing to the
measured concentrations in the receptor have been identified. However, it is not always possible
to predict all sources contributing to complex ambient samples, or the chemical profiles of the
sources active in a given area may have differences with those in the literature. The effect of
chemical aging is also difficult to capture with CMB. Factor Analysis (FA) typically provides
better results for source characterization and understanding transformation processes if the major
sources influencing the receptor are unknown (Jimenez et al. 2009). Positive Matrix
Factorization (PMF) has recently become a highly utilized type of FA (Reff et al. 2007); which
has been applied in a wide variety of problem domains, such as facial image representation,
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semantic analysis of text documents (Lee and Seung 1999) and source apportionment of air
pollution (Lee et al. 1999). Source apportionment on atmospheric particular matter was first
performed using inorganic ions, EC/OC, and trace metals from filters analyses as inputs to PMF
(Chueinta et al. 2000; Ito et al. 2004; Lee et al. 1999; Ramadan et al. 2000). Recently, PMF has
been used with high time resolution AMS mass spectra to determine the major components of
ambient OA such as Hydrocarbon-like Organic Aerosol (HOA, a surrogate of POA), SemiVolatile Oxygenated Organic Aerosol (SV-OOA) and Low-Volatility Oxygenated Organic
Aerosol (LV-OOA), the latter two associated with fresh and aged SOA respectively (Ulbrich et
al. 2009; Zhang et al. 2011). Williams et al. and Zhao et al. performed PMF analysis on organic
compounds measured by the TAG system to identify major components contributing to
submicron OA in the atmosphere (Williams et al. 2010; Zhao et al. 2013a).
TAG is a fully automated, field deployable instrument that couples thermal desorption with gas
chromatography/mass spectrometry to provide molecular level separation and identification of
organic species in atmospheric aerosols. This instrument is capable of 1-hour time-resolved
measurements of specific organic marker compounds, and because it is fully automated, it is
capable of providing continuous measurements to determine time-varying patterns in the organic
composition of particulate matter. For a typical atmospheric aerosol sample analyzed by TAG,
there are several hundred resolved peaks in 1D-TAG with significant Unresolved Complex
Mixtures (UCM), and thousands of resolved peaks in 2D-TAG with relatively less UCM. Figure
2.1 shows the chromatogram of a typical ambient atmospheric sample from 1D-TAG.
Additionally, what is not observed by regular TAG analysis is the highly nonvolatile or highly
oxygenated fraction of ambient OA that does not efficiently desorb from the collection cell or
transfer through the GC column. We refer to this as the “noneluting” OA fraction. In past
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studies with TAG, the major compound peaks are identified and quantified using detailed
chromatogram analysis with the Agilent ChemStation peak integration software (Williams et al.
2010). Following automated integration, peak integration quality is manually checked for each
compound in each chromatogram to ensure correct peak choice and proper integration
performance, a process that is very time-consuming when analyzing hundreds of compounds in
each chromatogram and over 700 chromatograms per month of operation. Finally, PMF is then
used to apportion these time-resolved individual organic compounds into separate factors. With
supporting measurements of various other tracers and meteorological variables, these factors can
be interpreted as specific sources or atmospheric transformation processes (Williams et al. 2010).
In addition to being time consuming, the peak-integrated method for analyzing TAG
chromatography data doesn’t incorporate the UCM which accounts for a large fraction of eluting
OA. By incorporating UCM in the PMF analysis, it improves the chromatogram signal analyzed
significantly (up to a factor of 8 higher), and this increased signal analyzed is related to the
increased mass analyzed. One of the weaknesses of TAG technique has been low completeness
of OA mass analyzed, but by including UCM in the data analysis, the percent of mass analyzed
is significantly improved..
Here we introduce a new method to fully utilize chromatography-based information (e.g. TAG
data used here), inclusive of the often ignored UCM fraction composed of hundreds of co-eluting
compounds, for a simplified and rapid approach to deconvolving major contributing components.
We also explore here how these major TAG chromatogram components can offer further
chemical characterization of generic AMS components that do not incorporate prior molecular
separation of input aerosol samples, fully utilizing the complementary measurement capacity of
combined TAG and AMS systems. This method first divides each chromatogram into equally14

spaced bins that contain resolved peaks and UCM instead of integrating each peak individually.
Then PMF is applied to the summed mass spectra of bins instead of individual compounds to
characterize the sources and transformation processes. This bin-based method has advantages of
significantly saving time and containing UCM in source characterization. Figure 2.2 illustrates
this binning method for an example TAG chromatogram. The whole chromatogram has been
utilized to decode its complexity in previous work. For example, the GC signal of n-alkanes and
oxygen-containing compounds homologous series was characterized by a chemometric approach
to track their different origins (Pietrogrande et al. 2007; Pietrogrande et al. 2009; Pietrogrande et
al. 2010); the GC signal of carboxylic acid mixtures has been also characterized by a
chemometric approach to identify the chemical compounds in samples of Martian soil
(Pietrogrande et al. 2005). Additionally, Fourier analysis also uses the total chromatographic
signal for decoding complex chromatograms (Felinger et al. 1990a; 1992; Felinger et al. 1990b).

2.2

Methods

2.2.1 Positive Matrix Factorization (PMF)
In PMF, any input data matrix of X with dimension n rows and m columns can be factorized into
two matrices, G (n×p), the time series matrix, and F (p×m), the profile matrix, where p is the
number of factors. A residual matrix E (n×m) also results such that:
𝑋 = 𝐺𝐹 + 𝐸 .

(2.1)

The objective of PMF analysis is to minimize the Q objective function (sum of weighed squared
residuals), defined as:
𝑒2

𝑖𝑗
𝑄 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 𝜎2 , subject to 𝑔𝑖𝑘 ≥ 0 and 𝑓𝑘𝑗 ≥ 0,
𝑖𝑗
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(2.2)

where 𝑒𝑖𝑗 , 𝑔𝑖𝑘 and 𝑓𝑘𝑗 are elements of matrices E, G and F; 𝜎𝑖𝑗 is the estimated standard deviation
𝑒2

(precision) of 𝑥𝑖𝑗 which is the element of matrix X (Paatero 1997). Ideally, 𝜎𝑖𝑗2 should be normally
𝑖𝑗

distributed with an expected value near 1, and the expected value of Q (𝑄𝑒𝑥𝑝 ) equals the degrees
of freedom of the fitted data: 𝑚𝑛 − 𝑝(𝑚 + 𝑛). If the model is appropriate for the problem (data is
sum of variable amounts of components with constant profile) and the estimations of errors in the
input data are accurate, 𝑄/𝑄𝑒𝑥𝑝 should be near 1 with an appropriate number of factors (Ulbrich
et al. 2009).
In this chapter, the PMF model (1) was solved with the PMF2 algorithm. A custom software tool
(PMF Evaluation Tool, PET, version 2.06 (Ulbrich et al. 2009)) in Igor Pro (version 6.2 and
version 6.3 for 64-bit beta, WaveMetrics, Inc.) was used to evaluate PMF outputs and related
statistics. The TAG binning data matrix, X, is shown in Figure 2.3. The associated uncertainty
matrix is constructed similarly. In the binning method, individual chromatograms generated
every hour were divided into b bins. Each bin typically contains many sequentially acquired
mass spectra. The summed mass spectra of b bins in the first chromatogram were positioned
from the first row to the bth row of data matrix X; and the summed mass spectra of b bins in the
second chromatogram were positioned from the row (b+1)st row to (2b)st row; and so on. The
column of data matrix X is the index of m/z. Other matrix constructions are possible but are not
explored here (Ulbrich et al. 2012).

2.2.2 Data analysis
The TAG dataset from the Study of Organic Aerosol at Riverside (SOAR) 2005 has been used to
develop this binning method. Detailed information regarding the SOAR field site and auxiliary
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measurements can be found in Williams et al. (Williams et al. 2010)and Docherty et al. (Docherty
et al. 2011; Docherty et al. 2008).
The retention time dependent mass spectra from each chromatogram of the TAG SOAR dataset
was exported from ChemStation software with m/z range from 29 to 350 and scan number (mass
spectral recording number) from 651 to 5850, such that the original number of included scans
from a single chromatogram equaled 5850-650 = 5200. The first 650 mass spectral scans were
removed to eliminate the most volatile fraction that is frequently impacted by solvent peaks or
air/water peaks from the injection period. Figure 2.4 shows the TAG system sampling sequence
during SOAR and TAG binning datasets. The TAG system sampled ambient (gas + particle) and
filtered ambient (gas only) data, which correspond to ambient and filtered ambient
chromatograms (Williams et al. 2010). Filtered ambient data has lower time resolution and is
interpolated to the ambient time line in order to keep the high time resolution of ambient data
points. Since the TAG collection cell collects particle mass and a fraction of semi-volatile gases
(Williams et al. 2010), the ambient data contain particle and semi-volatile gas information, and
filtered ambient data contain semi-volatile gas information only. The “Particle-only” data (or
chromatograms) can be obtained by subtraction between “Ambient” and “Filtered Ambient” data
(chromatograms). Each Chromatogram (Ambient, Filtered Ambient, and Particle) was divided
into equally-spaced bins, which are referred to as TAG-Bin-Ambient, TAG-Bin-Gas and TAGBin-Particle-Pre datasets. The mass spectra in each bin were summed to get one mass spectrum
to represent that bin. For example, if chromatogram is divided into 400 bins, every 13
(5200/400=13, which 5200 is the original bin resolution) mass spectra from raw chromatogram
will be summed. Finally, PMF analysis was applied separately on TAG-Bin-Ambient, TAG-BinGas and TAG-Bin-Particle-Pre datasets. TAG-Bin-Ambient and TAG-Bin-Gas datasets were
17

originally solved for 3 factors: what we will generically describe as HOA, OOA, and column
bleed (which is system background due to regular column phase desorption during thermal
cycling of the GC oven). TAG-Bin-Particle-Pre dataset was originally solved for only 2 factors:
HOA and OOA, as there is no column bleed background after chromatogram subtraction based
on almost constant column bleed signal. Previous source apportionment of fine OA during
SOAR has been reported using PMF analysis of AMS data (Docherty et al. 2011) and of
individual TAG compounds (which is referred as TAG-integrated-Particle in this paper)
(Williams et al. 2010), and will later be compared to results from PMF analysis of binned TAG
chromatograms as performed here. A simplified two-factor PMF solution of AMS data (i.e.,
HOA and OOA) is used to test variables of the binning method (e.g., number of bins used, PMF
error method) through comparison of HOA and OOA time series variations. For binned TAG
PMF results, each factor gave a chromatogram for each sample, and all ion abundances of the
chromatogram were summed to in order to get the time series variations.
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2.3

Results and discussion

2.3.1 PMF error estimation for TAG binning data
The solution to the PMF analysis depends on estimating the uncertainties (precisions) of each of
the data values used in the PMF analysis. There are several error estimation methods. Previous
work has reported the use of the “Ion Counting (IC) error method” which is used in estimating
the uncertainties for AMS data (Docherty et al. 2011), and Method Detection Limit (MDL) error
method which is used in EPA PMF error calculation (Eberly 2005). Here we compare these two
error estimation methods for binned TAG data.

2.3.1.1 Ion Counting (IC) error method
Ion Counting (IC) error estimation is the type of error method typically used for AMS analysis.
For AMS, the distribution of the number of detected ions for a given mass spectral peaks can be
modeled as a Poisson distribution. The standard deviation (precision) of this distribution is equal
to the square root of ion counts during the sampling period (Allan et al. 2003):
Error N =√𝑠𝑖𝑔𝑛𝑎𝑙 𝑁

(2.3)

Where N is the number of ions detected. For binned TAG data, the IC error method can be
adapted as follows: Bin = signal 1 + signal 2 +....+ signal N

(2.4)

Error Bin = √(𝐸𝑟𝑟𝑜𝑟 1)2 + (𝐸𝑟𝑟𝑜𝑟 2)2 + ⋯ + (𝐸𝑟𝑟𝑜𝑟 𝑁)2
2

2

= √(√𝑠𝑖𝑔𝑛𝑎𝑙 1) + (√𝑠𝑖𝑔𝑛𝑎𝑙 2) + ⋯ + (√𝑠𝑖𝑔𝑛𝑎𝑙 𝑁)
= √𝑠𝑖𝑔𝑛𝑎𝑙 1 + 𝑠𝑖𝑔𝑛𝑎𝑙 2 +. . . . + 𝑠𝑖𝑔𝑛𝑎𝑙 𝑁 = √𝐵𝑖𝑛

2

(2.5)

Paatero and Hopke (2003) defined “bad” and “weak” signals as follows: if Signal-to-Noise Ratio
SNR<0.2, the signal is defined as “bad,” and if 0.2<SNR<2, as “weak” (Paatero 2003). Paatero
empirically found moderate downweighting of weak and bad variable signals, by factors of 2-3
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and 5-10, respectively, can be useful in PMF analysis to help prevent conditions where good
error estimation is difficult to get for variables near the detection limit (Paatero 2003). That
procedure is a “rule of thumb” without a strong statistical basis. In this paper we choose 10 and
3 for downweighting the bad and weak variable signals to reduce the influence of the noisy
variables. For the interpretation of Q/Qexp discussed above to be applicable, the bin signals need
to be the actual total ion counts for the specific datapoint in the PMF data matrix. Prior to TAG
binning data being utilized by PMF, the raw signals needed to be corrected in order to achieve
right Q/Qexp due to the following three reasons. Firstly, the quadrupole mass spectrometer used
by TAG (Agilent 5973 MSD) measures different m/z sequentially, whereas the time of flight
mass spectrometer (Tofwerk, Thun, Switzerland) used by AMS receives all m/z at the same time.
So if the quadrupole mass spectrometer measures m/z from 29 to 550 (which was the full scan
range of TAG during SOAR) in a certain time, each m/z is measured by 1/522 of this
measurement period. Secondly, rescaling chromatogram retention time: this correction is
applied to rescale the time steps of our bins of interest to occupy the entire 1-hour period. By
doing this, there are no remaining data gaps in the raw time series over the course of SOAR
sampling period with the exception of instrument servicing periods. Thirdly, TAG raw data is
reported as Total Ion Current (TIC) which was amplified by electron multiplier. So the amplified
ion current signal should be converted to original ion counts signal. Overall, the correction of
raw signals is applied as follows:
Corrected signal = TIC
× Correction due to QMS MS scanning method
× Correction for rescaling chromatogram retention time

20

× Correction from TIC to original ion count

(2.6)

For SOAR data, correction due to QMS MS scanning method =
1

1

𝑡ℎ𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑜𝑓 𝑀𝑆 𝑠𝑐𝑎𝑛 𝑟𝑎𝑛𝑔𝑒
1
522

= 550−28 =

; Correction for rescaling chromatogram retention time =
1 ℎ𝑜𝑢𝑟

𝑡ℎ𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑜𝑓 𝑐ℎ𝑟𝑜𝑚𝑎𝑡𝑜𝑔𝑟𝑎𝑚 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 𝑟𝑎𝑛𝑔𝑒 𝑜𝑓 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡

3600 (s)

= 5850−650
2.8

(s)

= 1.94,

in which 2.8 is MS scan frequency;
We have not been able to access information on converting TIC to original ion count for the
Agilent 5973 MSD, and Agilent considers this information proprietary. Therefore correction
from TIC to original ion count has not been applied in this paper, although we estimate it to be
~1 since our Q/Qexp value is near a value of 1.

2.3.1.2 Method Detection Limit (MDL) error method
The second error method is called Method Detection Limit (MDL), which was the combination
of measurement uncertainty and detection limit:

𝐸𝑟𝑟𝑜𝑟 𝑏𝑖𝑛 = {

2 × 𝑀𝐷𝐿, 𝑖𝑓 𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑓 𝑏𝑖𝑛 ≤ 𝑀𝐷𝐿
√(𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑓 𝑏𝑖𝑛 × 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒)2 + (𝑀𝐷𝐿)2 , 𝑖𝑓 𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑓 𝑏𝑖𝑛 > 𝑀𝐷𝐿

(2.7)

Where the percentage is the TAG measurement uncertainty, which is reported 10% for ambient
air samples (Williams et al. 2006); and MDL is method detection limit, which was calculated by
finding the peak value of the histogram of signal in low measurement range. This error method is
based on EPA PMF technique (EPA PMF v.3.0), with increased uncertainty for low signal
values. The histogram of measurements in the sampling period can have two modes – the big
mode for real signal and the small mode for noise (See online supplementary information Figure
S2.1). The peak in small mode, which is called MDL in this paper, is the point which separates
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signal from instrument noise. In the TAG binning data matrix (Fig. 2.3), there are actually three
dimensions – chromatogram number from 1 to n with variable i, bin number from 1 to b with
variable j, and m/z index number from 1 to m with variable k. If we reconstruct the data in three
dimensions, frequency distributions of low signal can be obtained within Xi,j,k, where i is from 1
to n. The MDL is the expected value of the frequency distribution. (See online supplementary
information Figure S2.2).
Regarding to the percentage of TAG measurement uncertainty, we applied a range of
percentages between 0.1% - 20% in the MDL error method for TAG-Bin-Ambient. Figure 2.5
shows the Pearson’s correlation coefficients R between AMS-HOA (or OOA) and the HOA
derived from PMF analysis of TAG-400Bin-Ambient dataset, using both the MDL error method
with different scaling percentages and using the IC error method. For HOA, R increases as the
scaling percentage is reduced from 20% to 0.1%; for OOA, R increases from 20% to 5%, and
then decreases from 5% to 0.1% with a maximum at 5%. Williams et. al. (2006) reported the R2
of calibration curves with increasing standard concentrations in TAG for alkanes and PAHs
which are major compounds of HOA ranges from 97.6% to 99.9%, which demonstrates the
excellent linearity for alkanes and PAH in TAG. In contrast the R2 for decanoic acid is only
81.6%, which shows some non-linearity for acids in TAG. From triplicate samples, the
reproducibility of acids was also worse than reproducibility of alkanes and PAHs. In other
words, the uncertainty from the TAG instrument varies among different compound categories –
HOA which contains alkanes and PAHs etc. has lower uncertainty and OOA which contains
acids etc. has higher uncertainty in TAG. In order to achieve balance between HOA and OOA, a
scaling percentage of 2% is chosen for MDL error method. Table 2.1 shows the Q/Qexp values
corresponding to each PMF run with different error methods. If the error estimate of a data point
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or variable is too small or too large in comparison to the true errors, then an overweighting or
downweighting occurs, which results in a very large or small Q/Qexp value. For example, 0.1%
results in very large Q/Qexp which suggests the error is too small. Only the low percentage cases
can produce reasonable Q/Qexp values. The ideal scaling percentage is perhaps variable and
depends on the specific chemical content of the aerosol. If data contains more HOA (alkanes,
PAHs etc.), a lower scaling percentage might be chosen; if the data contains more OOA (acids
etc.), a larger percentage might be chosen.

2.3.1.3 Comparison between the IC and MDL error methods
Although different scaling percentages in the MDL error method produce different correlation
with AMS factors, the difference of correlation R between these two error methods are in the
range of 0.05, indicating these two types of error estimation methods are similar for this dataset.
The TAG-400Bin-Ambient factors from IC error versus MDL-2% error display a Pearson R
correlation of 1.00 for the HOA factor and 1.00 for the OOA factor (see online supplementary
information Figure S2.3), also suggesting they PMF results with these alternative error estimates
are very similar (see online supplementary information Figure S2.4). HOA from the TAG400Bin-Ambient dataset with IC error and MDL-2% error method versus CO displays a Pearson
R correlation of 0.85 and 0.85 for IC error and MDL-2% error method respectively (see online
supplementary information Figure S2.5), which again suggests that these two error estimations
produce similar results. The comparison for these two error methods was also extended to fiveand ten-factor solutions from PMF (see online supplementary information Figure S2.6-2.7,
Table S2.1-2.2). Those results also show these two error methods can produce very similar PMF
factors. For future use of the binned TAG data, it is suggested that the IC error method is a good
beginning method due to its simplicity. Once more information on the chemical composition of
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the OA is determined, a specific percentage can be chosen for MDL error method according to
compound categories in order to improve PMF solutions. In an iterative process, perhaps a
variable percentage for MDL error method calculation could be determined using a HOA/OOA
ratio time series derived from an initial factor analysis.

2.3.2 Bin resolution
The bin resolution of a single chromatogram determines the extent of chemical resolution that
can be retrieved in the PMF solution. As more bins are used, each bin approaches the width of an
individual compound peak and thus higher chemical resolution is possible. If each mass spectral
scan is its own bin, then the bin number is 5200 for each chromatogram, and then individuallyresolved compounds are distributed over ~10 bins. The effect of bin number on PMF factor
quality is investigated here.
Figure 2.6 shows the correlation coefficients (R) between the time series of AMS-HOA (or
OOA) with that of TAG-Bin-Ambient (or Particle-Pre) datasets using the MDL-2% error method
with different bin number resolutions. For HOA of TAG-Bin-Ambient dataset, R is increasing as
the number of bins is increased, with often a plateau observed for higher numbers of bins. The
difference of maximum and minimum of R is 0.06. For HOA of TAG-Bin- Particle-Pre, the
correlation R firstly saturates from bin 20 to 1040, and then increases from 1040 bin to 5200 bin.
The difference of maximum and minimum of R is 0.02. The small R difference (0.06 and 0.02)
of HOA from bin 20 to 5200 for both TAG-Bin-Ambient and TAG-Bin-Particle-Pre is likely due
to the similarity of electron-impact mass spectra of compounds (for example alkane, alkene, and
alkyne) which are grouped to HOA for different bins (i.e., a small alkane fragments into similar
fragments as a large alkane). Minimal changes in HOA correlations through a range of bin sizes
may also be due to covariance of all source types contributing to HOA, regardless of their mass
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spectral similarities which made them fit to stable solutions. Either way, chemical resolution as
reflected by bin number is not very important for compounds which are grouped in HOA. For
OOA of TAG-Bin-Ambient, the correlation R significantly increases (0.18) from bin 20 to 400,
and finally saturates from bin 400 to 5200. This significant increase trend from bin 20 to 400 is
probably because the mass spectra of compounds (for example acids, ketones and phthalates)
which are grouped to OOA show more variability across the chromatogram. So higher bin
numbers, which allow higher chemical resolution, can better capture the variability of OOA mass
spectra. However, when bin number reaches 400, the size of a single bin is already similar to the
width of a single compound. With scanning frequency of 2.8, each of the 400 bin resolution bins
captures 4.6 seconds of the chromatogram retention time (5200 scans / 400 bins = 13 scans bin-1,
and 13 scans / 2.8 scans s-1 = 4.6 s). During SOAR, the TAG measured alkanes with an average
peak width (retention time from beginning of compound elution to end of compound elution) of
4.8 seconds and acids (which display greater peak tailing) with an average peak width of 9
seconds. An increase over 400 bin resolution is not expected to allow resolving further chemical
information. A bin number resolution of 400 appears to be a good compromise between
sufficient chemical resolution and lower computing time compared to using higher bin numbers.
For future studies it is recommended that the bin size should match the narrowest peak widths of
compounds found in the chromatogram. An improved correlation of OOA with higher bin
resolution and relatively unchanged correlation of HOA for TAG-Bin-Ambient could indicate
that OOA accounts for a small fraction of the total ion current since the quality of the separation
doesn't change the variability in the concentration of HOA. However, it is observed that HOA
and OOA account for nearly equivalent total ion signal (see online supplementary information
Figure S2.8). Since OOA was estimated to be about 4 times larger than HOA during this study
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(Docherty et al., 2011), this suggest that OOA is detected about 4 times less efficiently than
HOA by this TAG system.

2.3.3 Comparison between TAG-Bin-Particle-Pre and TAG-Bin-Particle-Post
TAG Particle datasets can be obtained from the subtraction between ambient and filtered
ambient data. The subtraction can happen before or after PMF analysis, referred to here as TAGBin-Particle-Pre and TAG-Bin-Particle-Post respectively. These two types of TAG-Bin-Particle
results were compared to see if any issues due to subtraction were introduced in one method and
not the other. TAG-400Bin–Particle-Pre versus TAG-400Bin-Particle-Post using MDL-2% error
method has a Pearson R correlation of 1.00 when comparing the HOA factor between methods
and 1.00 for the OOA factor, suggesting these two types of TAG-Bin-Particle PMF analyses
produce similar results (see online supplementary information Figure S2.9). Figure S2.10 (see
online supplementary information) shows residuals of these two types of PMF analyses. The
reason for these identical results could be a confirmation that error estimation for both PMF
experiments are appropriate, producing identical HOA and OOA factors from these two methods
that display accurate time variations that are unbiased by subtraction methods. However, for the
future analyses of other datasets that require subtraction, it is still advisable to compare these two
approaches.

2.3.4 Comparison of HOA (OOA) from multiple TAG analysis techniques
with AMS
The correlation of PMF results from binned and peak-integrated analyses are compared here with
AMS-HOA or OOA factors. Figure 2.7 shows scatter plots between of HOA (OOA) time series
of TAG-Bin-Ambient, TAG-Bin-Particle-Pre and TAG-Integrated-Particle with that of AMS.
The TAG-Integrated-Particle (resolved particle-phase compounds of high abundance described
by Williams et al. (Williams et al. 2010)) results in slightly higher correlation coefficients with
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AMS for both HOA and OOA although TAG-Bin-Particle-Pre contains more mass (i.e.,
incorporates all UCM). Higher offsets are also observed for the binned TAG datasets, especially
for TAG-Bin-Ambient.
One reason that TAG-Integrated-Particle may have a better correlation with particle phase HOA
and OOA from the AMS is that the TAG-Integrated-Particle analysis only selected compounds
that are on average >35% in particle phase to eliminate very large gas-phase subtractions, and
selected only compounds with particle-phase time series (obtained from subtraction) having an
R>0.7 with its ambient (particle + gas) time series to conserve the variability after subtracting the
gas-phase portion (Williams et al. 2010). So TAG-Integrated-Particle may better capture the
variability of particle phase HOA and OOA than TAG-Bin-Particle-Pre because the selection
criteria of TAG-Integrated-Particle decreases the error from the interpolation of filtered ambient
data with poor time resolution into the higher time resolution ambient timeline. Another possible
reason for lower correlation for TAG-Bin-Particle-Pre than using select resolved compounds
may be that TAG-Bin-Particle-Pre contains everything in the chromatogram, including some
unresolved species at low concentration that will occasionally approach or go below the TAG
detection limit, where ion response becomes non-linear (Kreisberg et al. 2009). The TAG
instrument cannot capture the real variability of low concentration species without complex nonlinear calibration near detection limits. The organic loading does not appear to systematically
affect the concentration of observed organic compounds (for example some compounds can
increase and some can decrease at the same time depending on source contributions). Higher
organic loading can affect the ambient phase partitioning of semivolatile organic compounds,
and rapid changes in phase partitioning could contribute to the subtraction biases already
referenced here. We also suspect an additional limitation from this dataset due to SOAR data
27

containing more OOA than HOA, and this version of the TAG system is better at HOA
measurement than OOA. Integrated PMF selects major HOA and OOA compounds, whereas
binning PMF contains overwhelming HOA signals over OOA because much of the OOA does
not transfer through the GC column. The integration method appears to increase the importance
of key OOA marker compounds compared to the relatively low OOA signal detected in the
binning method. Future work may be focusing on methods to adjust uncertainty values for low
OOA signals to give them greater weight in the PMF fitting results, as will be important for
source apportionment studies. The TAG-Bin-Ambient has lower correlations with AMS for both
HOA and OOA, although the range of R values is narrow. This is likely due to TAG-BinAmbient containing semi-volatile gas that is not analyzed by AMS. The mass contribution of
each factor can be calculated by a multivariate fit of the temporal contributions of PMF factors
onto total AMS measured OA mass concentrations (Williams et al. 2010). Here we tried this
method to recover the mass concentration of TAG-Bin PMF HOA and OOA factors. However,
with a majority of OA during SOAR being OOA in nature, the variability of OOA and total OA
are very similar and a simple two-factor solution apportions almost all of the mass to the OOA
factor. A higher factor number solution yields a better fit as was performed by Williams et al.
(Williams et al. 2010). This point is evidenced by the correlation between AMS total OA and
specific AMS PMF factors, which is determined by Docherty (Docherty et al. 2011). The
correlation of AMS combined OOA factors with AMS organics that is hourly averaged data for
the defined 11-day focus period is R = 0.81. Here it is problematic to fit only 2 factors to AMS
OA, when one of the factors (OOA) has almost very similar variability as AMS total organics.
Here we compare only the variability of simple two-factor PMF solutions from various methods
as opposed to mass-weighted calculation and comparison. The comparisons between TAG and
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AMS for the diurnal variations of HOA/(HOA+OOA) and OOA/(HOA+OOA) are presented in
Figure S2.11 (see online supplementary information). In the early morning, when total OA is
made mostly of HOA, all three methods - AMS, TAG-Bin-Ambient and TAG-Bin-Particle-Pre
show similar values for both OOA/(HOA+OOA) and HOA/(HOA+OOA), indicating that the
TAG captures most OA in the atmosphere. Although AMS and TAG methods show similar
HOA/(HOA+OOA) and OOA/(HOA+OOA) trends for afternoon measurements, the TAG-BinAmbient and TAG-Bin-Particle-Pre HOA(HOA+OOA) are higher than AMS
HOA(HOA+OOA), while AMS OOA/(HOA+OOA) exceeds TAG OOA/(HOA+OOA). The
deviation in TAG and AMS in the afternoon indicates that the TAG does not measure OOA in
the atmosphere as completely as the AMS.

2.3.5 TAG-Bin-Particle PMF higher factor solution
PMF of TAG-Bin-Particle-Pre was extended to 20 factors to explore the potential usefulness of
additional TAG factors to obtain more information about ambient particle composition. Each
factor gave a chromatogram for a single sample, and factor chromatograms are repeating (see
online supplementary information Figure S2.12). The repeated chromatograms were averaged to
get a typical chromatogram for each factor. Figure 2.8 shows the averaged and typical
chromatograms for 20-factor solution. And Figure 2.9 shows the mass spectra for the 20 factor
solution. According to the mass spectra, the retention time in averaged chromatograms and
diurnal trends (seen online supplementary information Figure S2.13) for each factor, chemical
compositions were determined for each factor. The higher factor solution separates almost
complete compound series as TAG-Integrated-Particle did, such as alkanes (Factor 10,
abbreviated as F10), furanones (F8); monocarboxylic acids (F5); cyclohexanes (F2) and
phthalates (F13), and even some individual compounds such as 1,4-dioxaspiro[5,5]undecan-329

one (F9); pentadecanone,6,10,14-trimethyl- (F12); propanol,1-chloro-,phosphate (3:1) (F14) and
cyclotetrasiloxane, octamethyl- ( F19). Factor F4 is a mixture of several different individual
compounds: benzoic acid; benzyl benzoate; ethylhexyl benzoate; Ethanedione, diphenyl- and
benzophenone, which have very similar mass spectra. Factor F6 is also a mixture of several
different individual compounds: benzyl benzoate; ethanone, 2,2-dimethoxy-1,2-diphenyl-;
phenylacetic acid; diethyltoluamide and benzene, p-diacetyl- etc., which also have similar mass
spectra. Factor F20 is GC column bleed, of which signal contribution to total signal is low (see
online supplementary information Figure S2.14). This column bleed is due to the artifact of
TAG-Bin-Gas timeline interpolation and subtraction of TAG-Bin-Ambient and TAG-Bin-Gas.
In addition to the resolved materials, there are several factors that contain unresolved material,
UCM – F3, F7, F11, F15, F16, F17 and F18. Factor F3 is showing up very early in the
chromatograms. Because the GC column used in SOAR is a non-polar column, this means that
early-retention time material in the column, such as F3, may be polar and volatile. Factor F3 has
dominant peaks at m/z 42 (CNO), m/z 64 (SO2), etc., which indicates F3 may be a nitrogencontaining and sulfur-containing mixture. Factor F7 is at early chromatogram with a mode at 30
min, and its diurnal trend has a maximum in the afternoon. Its mass spectrum has several peak
series: the one is m/z 39,53,67,81,95,109,123 etc.; the one is m/z 51,65,79,93,107,121,135 etc.;
the one is m/z 29,43,57,71,85,99 etc.; and the one is m/z 45,59,73,87 etc., all with a successive 14
unit. The m/z 29 series could be CHO series. According to the information we observe, F7 could
not be a pure hydrocarbon, and it might an oxygen-containing mixture. F11 is at late
chromatogram with 2 modes at 37 min and 45 min. Its mass spectrum has a dominant peak at m/z
97. The diurnal trend of F11 has a maximum at early morning. F15 is a mid-volatility UCM
factor with a mode at 35 min and it has a mass spectrum with dominant peaks at m/z 133, 115,
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128, 129, 165, etc. The m/z 115, 128, 165 are considered as aromatic signatures (Gross et al.
2000; Silva and Prather 2000). F16 is a lower-volatility UCM factor with 2 modes at 37 min and
45 min, and it has a mass spectrum with dominant peaks at m/z 83, 69, 55, 111, 81 and 95 etc.
These ion series are present in mass spectra of dienes, alkynes, and cycloalkenes (McLafferty
1993). Ulbrich also found similar peak series in an AMS dataset (Ulbrich 2011). F17 is very
similar to F16, almost at the same retention times, similar mass spectra and diurnal trend. F18 is
at chromatogram with a mode at 40 min, and it has a mass spectrum with dominant peaks at m/z
36, 44, 55, 38 and 79 etc. The diurnal trend shows F18 has high concentration in the morning.
The m/z 36 and 79 could potentially be C3+ and C6H7+, which are associated with low hydrogen
to carbon ratio in the parent organics. The integrated compounds that are identified in each
factor were summed up. The correlations of summed integrated compounds with corresponding
factors are very good for most of factors, such F10 (alkane series) – R = 0.92; F5 (carboxylic
acid series) - R = 0.89 and F13 (phthalates) R = 0.86 and so on (see online supplementary
information Figure S2.15). The hourly time variation correlations between these 20 factors are
shown in Table S2.3 (see online supplementary information). It shows some factors correlate
with each other very well – such as F6 and F2 with R = 0.94, F8 and F10 with R = 0.98. It is not
thought that a 20-factor solution is representative of different atmospheric processes or emission
sources. According to Paatero, anything over approximately 10 factors will largely cause
“factor-splitting”. With the structure of our data this factor-splitting may be further separating
compounds that come from the same “source” into subgroups that have similar mass spectral
features. This splitting is helpful for our study here, where we attempting to deconvolve the
structure of our chromatograms, but may not be helpful when attempting a source apportionment
analysis. Our current study found using the binning technique for source apportionment analysis
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is promising if the bin number dimension (also called retention time dimension) is taken from
row to column dimension in binning data matrix ( see binning data structure in Figure 2.3 with
bin number in row dimension). The source apportionment using binning technique is the subject
of further work.

2.3.6 Comparison of PMF higher factor solutions
PMF of AMS was reported as a six-factor solution for this campaign: HOA (Hydrocarbon-like
OA), LOA-AC (Amine-Containing Local-OA), LOA-2 (Local-OA 2), MV-OOA (MediumVolatility Oxygenated-OA), SV-OOA (Semi-Volatile Oxygenated-OA), cLV-OOA (composite
Low-Volatility Oxygenated-OA) (Docherty et al. 2011). Figure 2.10 shows the correlation
coefficients of time series from comparison of 20 factors of TAG-400Bin-Particle-Pre with these
6 factors from AMS PMF analysis. AMS LOA-AC (Amine-Containing Local-OA) has good
correlation (R = 0.4) with F3 which is considered as nitrogen- containing UCM. AMS HOA has
good correlation with F8 (furanones, R = 0.7), F10 (alkanes, R = 0.8), F11 (R = 0.8), F12 (2Pentadecanone,6,10,14-trimethyl, R = 0.7), F16-17 (associated with alkenes R = 0.8 and alkynes
R = 0.7), F20 (column bleed R = 0.8). There could be some high molecular weight alkanes
associated with column bleed, which increased the F20 correlation with AMS-HOA. AMS SVOOA has good correlation (R = 0.2) with F9 (1,4-dioxaspiro[5,5]undecan-3-one). Many factors
have good correlation with AMS cLV-OOA and MV-OOA. For example, they both have good
correlation with F2 (cyclohexanes R = 0.5 for cLV-OOA and R = 0.7 for MV-OOA), F5
(monocarboxylic acids R = 0.5 for cLV-OOA and R = 0.7 for MV-OOA), F7 (R = 0.7 for cLVOOA and R = 0.9 for MV-OOA), and F14 (2-propanol, 1-chloro-, phosphate (3:1) R = 0.7 for
cLV-OOA and R = 0.8 for MV-OOA). F3 has good correlation (R = 0.8) with cLV-OOA. F3
appears volatile based on its retention time, but it has good correlation with AMS low volatile
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factor. It is possible that F3 is a thermal decomposition product of low volatility compounds that
is created when the TAG system initially heats sample to deliver to the GC column (the focus of
future work). AMS MV-OOA also has good correlation with F4 (Benzoic acid, Benzyl benzoate
etc. R = 0.5), F13 (Phthalates R = 0.6) and F15 (R = 0.5).

2.4

Conclusions and Future Work

A new technique for data analysis of gas chromatograms was investigated using the TAG dataset
from the Study of Organic Aerosol at Riverside (SOAR) 2005. The hourly chromatograms were
divided into evenly spaced “chromatography bins” of which the summed mass spectra were used
to perform factor analysis by PMF for separation of major components. This method
significantly speeds up data analysis of high time resolution chromatography sampling and
incorporates UCM mass, in comparison to the traditional analysis method of chromatograms
where individual compounds are identify and integrated.
Two PMF error estimation methods, termed “IC” and “MDL” (the latter with different scaling
percentages), were applied to chromatogram binning data. Both methods produce similar factor
components, suggesting that for this specific type of data, the PMF results are not highly
sensitive to the PMF error estimation method used. This has not been the case for previous data
sets (e.g., AMS) where individual mass spectral patterns are more similar to each other (e.g.,
many common ion fragments), and may only hold true for chromatography-type data where
individual mass spectral patterns show greater differences due to increased chemical resolution.
Increasing the number of bins used (i.e., the number of chromatography bins each chromatogram
was divided into) improves PMF results until reaching 400 volatility bins, where bin size is
approximately the peak width of a single compound in the chromatograms. Over 400 bins,
further resolution does not significantly improve PMF results. Simplified 2-factor PMF results
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were compared between bin-based and peak-integration chromatogram analysis methods. While
results are similar, comparison shows the peak-integration method correlates slightly better with
a two-factor AMS PMF solution, potentially due to the incorporation of an uncorrected nonlinear
response of UCM material near the detection limit when using the bin-based method. The
advantage of the bin-based method is that it takes orders of magnitude less time (over 2 orders
of magnitude for SOAR dataset) to analyze compared to the peak-integration method. The 20factor PMF results of bin-based data were able to separate individual compounds, homologous
compound series, and UCM. The comparison of high-factor solution between bin-base TAG
(20-factor solution) and AMS (six-factor solution) was made. Good correlations demonstrate
TAG and AMS are complementary OA measurement techniques. For high-factor solutions, PMF
analysis of bin-based TAG data appears to largely deconvolve complex chromatogram
structures, as opposed to determine major sources. However, high correlation among several
bin-based TAG factors and major AMS components adds further chemical identification to
generic AMS factors. Future investigation will be focused on applying this binning method to
source apportionment as well as new PMF techniques – 3-dimension PMF to better determine
major OA sources and transformation processes in the atmosphere. The detailed comparison of
specific source related factors instead of HOA and OOA between this method and other source
apportionment methods (i.e., AMS and TAG-Integrated PMF factors) will be executed in future
work..
The present study only applied the binning technique to 1-D chromatogram data. It will be of
interest to apply the binning technique to 2-D chromatogram data which minimizes the UCM
component. Due to the sample mode limitation in SOAR (i.e., switching between ambient and
filtered ambient sampling) there was a need to interpolate between samples to obtain “particle”
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data. It will be of interest to perform the binning technique developed here directly to denuded
particle data that does not require interpolation and any associated biases. Finally, since the
MDL error estimation was shown to be dependent on chemical composition, it will also be of
interest to determine a variable percentage for MDL error as a function of the HOA/OOA ratio
time series derived from an initial factor analysis. Recent advances have been made in the TAG
instrumentation community to develop an online derivatization technique to achieve higher
throughput of OA (Isaacman et al. 2014) as well as a volatility and polarity separator, a TAGbased technology that utilizes shorter transfer lines and shorter chromatography separation to
increase mass throughput of oxygenated species. These methods move TAG quantification
closer to that of the AMS, and the binning analysis method developed here will continue to be
applicable to these new methods as well as other methods that achieve additional molecular
separation.
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Figure 2.1 Chromatogram of typical ambient atmospheric sample from TAG. The sample is
composed of resolved peaks (compounds), column bleed from the column phase (shown here in a
system blank), and the remainder of the sample signal is the Unresolved Complex Mixture (UCM)
that is composed of hundreds of co-eluting compounds.

Figure 2.2 The binning method for TAG chromatograms is to evenly divide the chromatogram by
time including both the resolved peaks and the UCM. Using this method, the UCM dominates the
signal.
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Figure 2.3 Schematic of the TAG binning data matrix [X] for use in PMF analysis: n is the number
of chromatogram for each hour; b is bin number for each chromatogram bin; m is the index of m/z.
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Figure 2.4 TAG SOAR sampling sequence and TAG binning datasets.
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Figure 2.5 Correlations (R) of TAG-400Bin-Ambient time series with AMS HOA and OOA time
series. Comparison was made among different PMF error methods: Ion Counting (IC) error
method, which is the PMF error method for AMS data; and MDL error method. Different
percentage in MDL method is the TAG measurement standard deviation, which is different for
different compound.
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Figure 2.6 Correlations (R) of TAG-Bin-Ambient and TAG-Bin-Particle-Pre time series with
AMS HOA and OOA time series. Comparison was made among different bins: from 20 to 5200
bin. MDL-2% error method was used here.
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Figure 2.7 Scatter plot of TAG versus AMS: (a) HOA; (b) OOA. Comparisons were made among
TAG three choices: TAG-Bin-Ambient, TAG-Bin-Particle-Pre and TAG-Integrated-Particle. 5200
bin and MDL-2% were used for TAG-Bin-Ambient and TAG-Bin-Particle-Pre.
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Figure 2.8 (1-20) Averaged chromatograms for Factor 1-20 (F1-F20) in PMF 20-factor solution
on TAG-400Bin-Particle-Pre with MDL 2% error method.
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Figure 2.9 (1-20) Mass spectra for Factor 1-20 (F1-F20) in PMF 20-factor solution on TAG400Bin-Particle-Pre with MDL 2% error method.
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Figure 2.10 Correlations (R) of time series from comparison of 20-factor solution of TAG400Bin-Particle-Pre (Figure 8-9) with 6 factors of AMS: HOA (Hydrocarbon-like OA), LOA-AC
(Amine-Containing Local-OA), LOA-2 (Local-OA 2), MV-OOA (Medium-Volatility
Oxygenated-OA), SV-OOA (Semi-Volatile Oxygenated-OA), cLV-OOA (composite LowVolatility Oxygenated-OA).
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Supplemental Information for chapter 2
Table S2.1. Correlations of factor timeseries between IC error method and MDL 2% error
method for PMF five-factor solution (Figure S2.6)

Factors – IC error method

Factors- MDL error

method

F2

F1

F3

F4

F5

F1

1.00

-0.08

0.30

0.15

-0.48

F2

-0.08

1.00

0.76

0.97

0.29

F3

0.35

0.82

1.00

0.85

0.39

F4

-0.09

0.98

0.83

1.00

0.44

F5

-0.44

0.32

0.40

0.47

1.00
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Table S2.2. Correlations of factor timeseries between IC error method and MDL 2% error
method for PMF 10-factor solution (Figure S2.7)
Factors – IC error method
F1

F2

F3

F4

F5

F6

F7

F8

F9

F10

Factors- MDL error method

F1

0.87

-0.35

0.42

-0.50

0.01

-0.43

0.59

-0.46

-0.87

-0.55

F3

-0.11

1.00

0.28

0.98

0.51

0.92

-0.58

0.94

0.34

0.94

F2

0.80

0.26

0.99

0.11

0.85

0.34

0.04

0.35

-0.20

0.24

F7

-0.34

0.93

0.04

0.99

0.30

0.81

-0.55

0.86

0.39

0.92

F4

0.55

0.57

0.87

0.44

0.97

0.71

-0.36

0.69

0.11

0.59

F5

0.05

0.85

0.52

0.80

0.82

0.98

-0.71

0.97

0.49

0.91

F8

-0.07

-0.73

-0.36

-0.66

-0.69

-0.86

0.87

-0.82

-0.40

-0.77

F6

-0.12

0.96

0.32

0.94

0.61

0.99

-0.71

0.99

0.48

0.97

F9

-0.61

0.35

-0.12

0.43

0.28

0.54

-0.69

0.56

1.00

0.57

F10

-0.10

0.89

0.42

0.89

0.73

0.96

-0.70

0.98

0.53

0.98
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Table S2.3 Correlations of PMF 20-factor solution of TAG-400Bin-Particle-Pre with MDL-2%
error method.
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Figure S2.1 Proposed signal distribution of TAG with 2 modes. Method detection Limit (MDL)
in small mode is the point to separate signal from noise, which is used in MDL error method in
this paper.
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Figure S2.2 Method Detection Limit (MDL) calculated in several low signal ranges with TAG400Bin-Ambient datasets for each m/z. MDL is the mode of frequency distribution of low signal
(Figure S2.1). The interpolation line in signal range 0-500 was used in MDL error method. The
one in signal range 0-1000 could have real signals in m/z range 50-150. And the one in the range
0-200 does not capture the variability across the m/z.
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Figure S2.3 Scatter plots of IC error method versus MDL-2% error method: a) HOA and b)
OOA of PMF factor usingTAG-400Bin-Ambient.
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Figure S2.4. Scatter plot of PMF error matrix: IC versus MDL-2% for the whole TAG-400BinAmbient dataset.
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Figure S2.5 Scatter plots of CO versus HOA of PMF factor using TAG-400Bin-Ambient.
Comparison was made between IC error method (a) and MDL-2% error method (b).The two
Pearson R show they are identical.
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Figure S2.6 Mass profiles for PMF five-factor solution on TAG-400Bin-Ambient with IC error
method (a) and MDL 2% error method (b).
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Figure S2.7 Mass profiles for PMF 10-factor solution on TAG-400Bin-Ambient with IC error
method (a) and MDL 2% error method (b).
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Figure S2.8 Fractions of TAG-derived OOA and HOA in TIC with different bin number from
bin 20 to 5200 and for TAG-Bin-Ambient and TAG-Bin-Particle-Pre
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Figure S2.9 Scatter plot of TAG-Bin-Particle-Post versus TAG-Bin-Particle-Pre: (a) OOA; (b)
HOA. 400 bin and MDL-2% were used here.
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Figure S2.10 PMF two-factor solution residual comparison between TAG-400Bin-Particle-Pre
and TAG-400-Particle-Post: (a) the sum of residual; (b) the average of residual ratio as a function
of total. The residual of TAG-400Bin-Particle-Post is obtained by residual subtraction of TAG400Bin-Ambient and TAG-400Bin-Gas. MDL-2% error method was used here.
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Figure S2.11 Diurnal variations of TAG and AMS derived HOA and OOA.
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Figure S2.12 The example of repeated factor chromatogram: Factor 5 (F5) chromatogram in
PMF 20-factor solution on TAG-400Bin-Particle-Pre with MDL 2% error method. The average
of repeated factor is a typical chromatogram for that factor, which is showing in Figure 8. The
sum of all signals in each individual sample gives us time series for that factor.
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Figure S2.13 Diurnal plots of PMF 20-factor solution on TAG-400Bin-Particle-Pre dataset with
MDL (2%) error method.
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Figure S2.14 Stack area plot of averaged chromatogram for each factor in PMF 20-factor
solution onTAG-400Bin-Particle-Pre with MDL 2% error method.
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Figure S2.15 Correlations of sum of integrated compounds showing in Figure 2.8 with
corresponding resolved-peak containing factors in the PMF 20-factor solution of TAG-400BinParticle-Pre with MDL-2% error method, of which the averaged chromatograms and mass
spectra are showing in Figure 2.8-2.9. The correlations for F10 which contains alkane series, F5
which contains carboxylic acids and so on are very good. The correlations for F6 and F8 are
poor. It is likely that some key compounds that are in the factors are missing in the sum of
integrated compounds.
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Chapter 3: A technique for rapid source apportionment
applied to ambient organic aerosol measurements from the
Thermal desorption Aerosol Gas chromatograph (TAG)
Abstract
We present a rapid method for apportioning the sources of atmospheric organic aerosol
composition measured by gas chromatography/mass spectrometry methods. Here, we
specifically apply this new analysis method to data acquired on a thermal desorption aerosol gas
chromatograph (TAG) system. Gas chromatograms are divided by retention time into evenly
spaced bins, within which the mass spectra are summed. A previous chromatogram binning
method was introduced for the purpose of deconvoluting chromatogram structure (e.g., major
compound classes) (Zhang et al. 2014). Here we extend the method development for the specific
purpose of determining the covariance of samples for aerosol source apportionment.
Chromatogram bins are arranged in a positive matrix factorization (PMF) data matrix, where the
sample number is the row dimension, and the mass spectra-resolved eluting time intervals (bins)
are the column dimension. The retention time shift of the chromatogram is corrected by
applying the median values of the different peaks’ shifts in one sample. Bin width affects
chemical resolution, but does not affect PMF retrieval of the sources’ time variations for lowfactor solutions. A bin width smaller than the total retention shift among all samples requires
retention time shift correction. A six-factor PMF comparison among AMS, TAG binning, and
conventional TAG compound integration shows that the TAG binning method performs
similarly to the integration method. However, the new binning method incorporates the entirety
of the data set and requires significantly less pre-processing of the data than conventional single
compound identification and integration.
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3.1

Introduction

Atmospheric aerosols can impact human health (Dominici et al. 2006; Gauderman et al. 2015),
atmospheric visibility (Junjun et al. 2014; Sun et al. 2006), the water cycle, and climate change
(IPCC 2013). Anthropogenic and natural sources emit primary pollutants, which undergo
atmospheric chemical and physical transformation to produce secondary pollutants. Organic
aerosols account for 20-70% of total fine aerosols (PM1) (Jimenez et al. 2009). Their chemical
composition can contain thousands of organic compounds, whose sources and transformations
are not fully understood due to their complexity and active thermal dynamic properties
(Goldstein and Galbally 2007; Hallquist et al. 2009). Many efforts have been made to measure
and apportion these organic aerosols. A detailed description of these efforts is presented in
Zhang et al. (Zhang et al. 2014), which is a companion paper to the method development
described here.
The Aerodyne aerosol mass spectrometer (AMS) is widely used because of its capability to
quantitatively characterize the size-resolved bulk composition of PM1 (Canagaratna et al. 2007).
AMS reports the bulk composition of PM1 in the form of ensemble mass spectra, which assumes
the linear superposition of the mass spectra of individual compounds. Positive Matrix
Factorization (PMF), a multivariate factor analysis method, is applied to the ensemble mass
spectra, and deconvolutes the ensembles into several groups of mass spectra according to similar
mass spectra and temporal behavior. These spectral groups are also the ensemble of thousands of
organic compounds from a source or atmospheric process. The utilization of this technique has
been growing rapidly in the last ten years due to its broad application and convenience (Zhang et
al. 2011). However, AMS inherently has low chemical resolution because it reports ensemble
mass spectra. To obtain high chemical resolution, another online technique, called thermal
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desorption gas chromatograph (TAG), is combined with mass spectrometry (GC/MS) to separate
and measure individual compounds (Williams et al. 2006).
TAG is a fully automated, field deployable instrument that can provide molecular level
separation of organic aerosols with one hour time resolution to help identify specific aerosol
source signatures and atmospheric transformation processes (Williams et al. 2006). In 2008,
Goldstein et al. reported that two dimensional gas chromatography combined with an in-situ
TAG collection system can speciate more organic compounds in atmospheric aerosols than TAG
alone (Goldstein et al. 2008). In 2013, Semi-Volatile (SV)-TAG was developed to extend TAG’s
capability to include quantitative characterization of semi-volatile organic compounds (Zhao et
al. 2013), and in 2014, Isaacman et al. introduced a technique for online chemical derivatization
on the SV-TAG system to increase quantification of oxygenated molecules (Isaacman et al.
2014). Recently, a combined TAG-AMS instrument which can simultaneously measure the bulk
composition and species composition of organic aerosols has been presented (Williams et al.
2014). The advantage of providing speciated timelines for organic chemicals is significant,
however the time required for chromatographic peak identification, integration, and confirmation
of integration quality for of order one hundred to potentially thousands of compounds limits the
wider application of using a chromatographic approach for aerosol analysis. Additionally, a
significant fraction of GC/MS data is typically present as an unresolved complex mixture (UCM)
when analyzing ambient aerosol samples and peak integration methods typically ignore the
material that is not resolved. Therefore, a novel and rapid technique for comprehensively
inserting the complete chromatographically-separated mass spectral data into a factor analysis
program for the purpose of source identification would be useful, and could potentially broaden
the application of the TAG for rapid multivariate factor analysis. A new method was recently
74

introduced, in which each chromatogram is evenly divided into bins and PMF is performed on
the covariance of retention time to deconvolute the chromatogram into homologous compound
series, individual compound, and multiple UCM components (Zhang et al. 2014). In order to
pursue source apportionment, we tried to input these deconvolution chromatogram factors to
PMF to perform a second factor analysis. However, that technique does not work for source
apportionment. For example, the factor of homologous compound series contains the full range
of compounds (such as alkane C12-C40). The second PMF cannot effectively separate different
sources which may contain just a specific portion of homologous compound series (for example,
one source just contains alkane C12-C30 whereas the other source contains alkane C31-C40).
In this chapter, we present an effective binning method specifically designed for the source
apportionment of ambient organics measured by TAG, where PMF is performed on the
covariance of sample time to deconvolute the study period into major contributing sources or
aerosol transformation processes. We investigate the data matrix for binning mass spectra, the
retention time shift correction, bin resolution, and source factor comparison of the binning
method against the conventional resolved compound integration method and AMS.

3.2

Methods

3.2.1 TAG instrument
Williams et al. describes the TAG instrument in detail (Williams et al. 2006) as applied during
the Study of Organic Aerosol at Riverside (SOAR) 2005. Briefly, particles with diameter less
than 1.5 µm are humidified and impacted onto a collection thermal desorption (CTD) cell at 30
°C. The CTD cell is then heated to 310 °C, and the particles are thermally desorbed into a helium
carrier gas that transports them into a GC oven at 45 °C, where they re-condense onto the head of
the GC column. After sample injection, the GC oven slowly heats to 310 °C, and the eluting
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compounds are then carried to a quadrupole mass detector for mass spectral identification. The
TAG is fully automated and achieves hourly time resolution and can cycle between ambient
samples (particles + adsorbing semivolatile gases), filtered samples (adsorbing semivolatile
gases), denuded samples (particles only), cell blanks (no collection), and injected liquid
calibration standards.

3.2.2 PMF
In PMF, the input data matrix, X, with dimensions of n rows and m columns, is factorized into
two matrices – the time series matrix G (n×p) and the profile matrix F (p×m), where p is the
number of factors – and a third matrix, the residual matrix, E (n×m):
𝑋 = 𝐺𝐹 + 𝐸 .

(3.1)

The PMF model is fitted by weighted least squares, with the weights based on the known
uncertainty of input data matrix X. Thus the objective of PMF analysis is to minimize the
following function, Q:
𝑒2

𝑖𝑗
𝑄 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 𝜎2 , subject to 𝑔𝑖𝑘 ≥ 0 and𝑓𝑘𝑗 ≥ 0,
𝑖𝑗

(3.2)

where 𝑒𝑖𝑗 , 𝑔𝑖𝑘 , and 𝑓𝑘𝑗 are elements of matrices E, G, and F; and 𝜎𝑖𝑗 is the known uncertainty of
𝑥𝑖𝑗 , which is an element of matrix X (Paatero 1997).
In this paper, the PMF2 algorithm, a PMF model solver, was used for solving equation (1). A
custom software tool (PMF Evaluation Tool, PET, version 2.06 (Ulbrich et al. 2009)) in Igor Pro
(version 6.2 and version 6.3 for 64-bit beta, WaveMetrics, Inc.) was employed to evaluate PMF
outputs and related statistics.
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3.2.3 Error estimation for the PMF model
The PMF model is fitted by weighted least squares, and the weights are based on the known
uncertainty of the input data matrix. Here we discuss the measurement uncertainty for each ion
peak of TAG data. Generally, the uncertainty of an ion signal is the square root of the ion counts,
which is referred to as the Ion Count (IC) error method. Alternatively, the total measurement
uncertainty (TMU) can also be expressed as:
𝑇𝑀𝑈 = √𝛿 2 + 𝜎𝜀 2 ,

(3.3)

where δ is the instrument calibration bias and can be a function of the level of signal intensity.
The average standard deviation of peak areas of selected represented compounds from triplicate
ambient air samples measured by TAG is 10 %, and here we use that value for the signal
intensity for every ion peak (i.e., m/z) (Zhang et al. 2014). The parameter σε is the random
variability of the instrument. A detailed description about how to retrieve σε from ambient data
measurement is included in supporting information Figure 3.1S.
PMF on TAG bins’ mass spectra is not sensitive to the choice of either of the two error methods
above (Zhang et al. 2014). Choosing a method depends on the availability of inputs for different
error methods. For example, TAG data used in this paper were measured by Agilent quadrupole
mass spectrometer (5973 QMS), which does not report ion counts, but an adjusted relative
abundance. Thus the TMU error method is used here.

3.2.4 Data analysis
As applied in the original chromatogram binning method for the purpose of chromatogram
structure deconvolution (Zhang et al. 2014), further development here of the chromatogram
binning method for the purpose of source apportionment utilizes the TAG dataset from the Study
of Organic Aerosol at Riverside (SOAR) 2005. Detailed information regarding the SOAR field
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site and auxiliary measurements can be found in Williams et al. (Williams et al. 2010) and
Docherty et al. (Docherty et al. 2011; Docherty et al. 2008) . The TAG SOAR sampling
sequence has been described in detail previously (Zhang et al. 2014). In summary, the TAG
system sampled ambient (gas + particle) and filtered ambient (gas only) data, from which the
subtraction yielded particle-only data. The PMF on binned particle-only data is called TAG-Bin.
TAG-Bin indicates binning method for source apportionment unless stated otherwise. In the
original TAG source apportionment paper using individual resolved compounds, 123 major
compounds were identified and integrated using Agilent Chemstation software. A detail
description of the compounds’ integration and the PMF on the integrated compounds are given in
the paper of Williams et al. (Williams et al. 2010). Here, the PMF on those 123 compounds is
called TAG-Integrated. In the discussion of bin resolution, AMS and TAG-Bin (Integrated) are
all two-factor solution – Hydrocarbon OA (HOA) and Oxygenated OA (OOA) factors for
comparison. In the comparison of source factors, TAG-Bin and TAG-Integrated are six-factor
solution, and are both compared to AMS six-component solutions, as reported by Docherty et al.
(Docherty et al. 2011). Table 1 shows the six AMS components. The comparison between AMS
and TAG is based on the assumption that the compositions measured by AMS and TAG at PM1
and PM1.5, respectively, are overlapped significantly.

3.3

Results and discussion

3.3.1 PMF binning data matrix for source apportionment
For source apportionment, PMF works on the covariance of samples. Therefore, the row
dimension of binning data for the PMF matrix is only the sample number, and the column
dimension is the bins’ mass spectra in retention time order. Figure 3.1 shows the PMF binning
data matrix for source apportionment compared to the previous PMF binning matrix for
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chromatogram structure. In the binning method for source apportionment, the row dimension is
the sample number from 1 to n, and in the column dimension the first bin’s mass spectra ranges
from 1 to m, the second bin’s mass spectra from m+1 to 2×m, where m is mass spectra m/z
index.

3.3.2 Retention time shift correction
By the nature of the data format used for source apportionment, where the retention time is in the
column dimension of the PMF input data matrix, PMF produces only one typical chromatogram,
with a fixed retention time for each factor along the whole timeline. However, this is not true for
the actual chromatogram samples because their retention time will shift from sample to sample
due to different sample mass loadings, chemical compositions, aerosol water content, and
column condition. Figure 3.2S (in supplemental info.) shows the peaks’ retention time shifts with
respect to the first sample in both the retention time and sample number dimensions. A constant
profile, which is a prerequisite for the PMF model, is required for a successful factor analysis.
Therefore, the retention time shift along the sample number dimension should be corrected
before PMF analysis by calculating the median values of the retention time shifts along the
retention time dimension.
Figure 3.2 shows the median retention time shift during the study time period. The 123 major
compounds, used in a prior source apportionment study (Williams et al. 2010) and representing a
wide range of the nonpolar and polar compounds, were used to calculate these median values of
retention time shifts. A positive median value means the chromatographic peaks shift to the right
of the first sample (the elution runs slower), whereas a negative value means peaks shift to the
left of the first sample (an earlier, or faster, elution). Almost all the samples in Figure 3.2 shift to
the left of the first sample. In general, the median values show a linear relationship with the
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sample number during the study time period. The median shift among all samples is 13 scan
points (corresponding to 36.4 seconds) and this shift is likely due to a slow change in the
condition of the column. However, daily retention time variability is also observed. Figure 3.3S
(in supplemental info.) shows the median variability with respect to the linear fitting line in
Figure 3.2, and the total ion signal of the TAG samples during the study time period. The
median variability is highly anti-correlated (R = -0.81) with the total signal of the TAG samples
– a metric for aerosol mass loading on the TAG system. The elution runs slower when TAG has
less mass loading, whereas the elution runs faster when TAG has a higher mass loading. This
can be explained by lowered interaction between each molecule and the stationary column phase
when more molecules are present (in a larger sample), allowing material to pass through the
column slightly faster.
Figure 3.3 shows excerpts of chromatograms of the first, middle, and last samples (a) before
retention time shift correction, and (b) after correction. After applying this retention time
correction, the chromatographic peaks overlap much more closely. PMF results with and without
retention time shift correction are compared in detail for different bin widths in section 3.3, bin
resolution. For future users, the internal standards, the external standards, or the major
compounds in samples, which all work well in automated integration software due to high signal,
can be used to estimate retention time shifts. If desired, additional retention time shift precision
can be achieved by including both the long-term median shift from column condition as well as
the daily shift due to sample size. However, it will be shown later that high precision retention
time shifts would only be required if operating this PMF method with very high bin resolution,
but is not necessary in most analyses of interest.
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3.3.3 Bin resolution
The effects of different bin widths, with and without retention time (r.t.) shift correction, are
compared here. Figure 3.4 shows the Pearson correlation coefficient difference ∆R (= with r.t.
shift correction -without r.t. shift correction) of time series for four pairs – TAG-Bin HOA vs.
AMS HOA, TAG-Bin OOA vs. AMS OOA, TAG-Bin HOA vs. CO, and TAG-Bin OOA vs. Ox.
Carbon monoxide (CO) has been shown to correlate highly with primary organic aerosol sources
during the SOAR study and odd oxygen (Ox = O3 +NO2) has been shown to correlate with
secondary organic aerosol sources(Docherty et al. 2011). The ∆R values are all zero at bin width
52 (meaning there are 52 scan points summed within each single bin) for the four pairs, which
means that retention time correction and no correction produce the same correlations. For the
correlations of the four pairs, the ∆R shows little increase ( 0.0075 on average) as the bin width
decreases from 52 to 13, whereas the ∆R begins to increase (0.03 on average) from the bin width
13 to 2, and dramatically increases (0.46 on average) from the bin width 2 to 1. The reason ∆R
begins to increase at the bin width 13 is that the retention time shift among all samples is 13,
which is shown in Figure 3.2. The TAG-Bin with the bin width larger than the total retention
time shift is not sensitive to the retention time shift correction, whereas TAG-Bin with bin widths
smaller than the total shift is sensitive to the correction, and bin width 1 (where each scan point
is retained) is extremely sensitive to the retention time shift correction. In this case, without
prior retention time shift correction, the user would certainly not want to use every MS scan
point in a PMF analysis, and would need to exceed bin widths of 13 scan points to minimize the
impact of retention time shifts on PMF results.
Figure 3.4S (in supplemental info.) shows the correlation coefficient R of the four pairs with
retention time shift correction (all proceeding analysis is performed using r.t. shift correction). R
increases only slightly (0.04 on average) as the bin width decreases from 52 to 1. The smaller the
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bin width, with correspondingly higher chemical resolution, does not increase R very much for
this simple two-factor PMF solution (that requires limited chemical resolution). The bin’s mass
spectrum with different bin widths is an ensemble mass spectrum derived from the linear
superposition of the different mass spectra of individual compounds. PMF, a multi-linear model,
can deconvolve the ensemble mass spectra, such as AMS mass spectra and TAG bins’ mass
spectra, into groups of mass spectra, which provide chemical information on the sources and
atmospheric aging processes. Thus, ideally, different bin widths, which affect chemical
resolution, will not affect PMF performed to retrieve the factors’ time series. The slight increase
(0.04) of R for bin widths from 52 to 1 may be because better PMF error estimation, and better
PMF fits for small peaks will be obtained when a small bin width is used. This explanation is
supported by the fact that R increases more for TAG-Bin OOA (0.06 on average) than for TAGBin HOA (0.015 on average) as bin width decreases from 52 to 1. The compounds in the TAGBin OOA group have overall lower signal peaks than the compounds in the HOA group do, and
are better fit by small bin widths.
Theoretically, at least five scan points can define a peak; practically, more than 10 scan points
are found in the compound peaks. Thus, for future users, more than five scan points are
recommended because the smaller bin width requires significant computational power, and takes
exponentially more time for PMF fitting. The retention time shift correction is strongly required
when the total retention time shift among all samples is larger than the bin width. It has been
previously suggested that longer data sets should be divided into shorter time periods and
multiple PMF analyses should be performed. As clearly articulated by P. Paatero, personal
communication, 2014: “Scientifically, it does not make sense to fit a long data set as one tall
matrix because true source profiles are likely to change with time […] The PMF model is not the
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proper tool for fitting a data set with changing profiles. Changing profiles are guaranteed to
cause that computed factors will consist of linear superpositions (i.e., sums) of true sources. Such
factors are not useful for atmospheric work.” The findings here also support that technique, as
shorter study periods would result in smaller overall retention time shifts.

3.3.4 Profiles of six-factor solution of TAG-Bin
The six-factor PMF analysis with bin width equal to 5 scan points and retention time shift
correction is applied to the TAG-Bin data matrix. The major compounds (and UCM) in each
factor’s chromatogram are described here. As shown in Figure 3.5, the first factor (F1) contains
highest contributions from: isopropyl myristate, alkanes (octadecane, nonadecane, pentadecane,
eicosane, heptadecane, pristane), phenanthrene, diethyl phthalate, 1-penten-3-one,1-phenyl-, 2propanol,1-chloro-,phosphate(3:1), etc. The resulting chromatogram of factor two (F2) is
dominated by the compounds: 2-propanol,1-chloro-,phosphate(3:1), dibutyl phthalate, 1,4dioxaspiro[5,5]undecan-3-one, 2-pentadecanone,6,10,14-trimethyl, carboxylic acids (dodecanoic
acid, undecanoic acid, decanoic acid), tris(3-chloropropyl)phosphate, 2(3H)-furanone,dihydro-5decyl-, pelletierine, phthalimide, etc. Factor three (F3) contains major compounds: 2-propanol,
1-chloro-, phosphate (3:1), alkanes (nonadecane, heneicosane, eicosane, heptadecane), phthalic
acid, phthalimide, phenanthrene, triacetin, dibutyl phthalate, decanoic acid, benzene,p-diacetyl-,
etc. Factor four (F4) shows major resolved peaks mostly composed of oxygenated molecules: 2pentadecanone,6,10,14-trimethyl, phthalates (diisobutyl phthalate, dibutyl phthalate), carboxylic
acids (nonanoic acid, decanoic acid, dodecanoic acid, hexadecanoic acid,methyl ester), phthalic
acids (phthalic acid, methyl phthalic acid), triacetin, furanones (dihydro-5-heptyl-2(3H)-furanone
, dihydro-5-octyl-2(3H)-furanone, dihydro-5-undecyl-2(3H)-furanone) etc. Besides the resolved
peaks, F4 has a portion of UCM in the retention time range of 35-43 min, with the mass
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spectrum featuring m/z of 43, 55, 69, 81, 95, 109, etc. Factor five (F5)’s chromatogram has
major compounds: 2-pentadecanone,6,10,14-trimethyl, alkanes (nonadecane, octadecane,
eicosane, heneicosane), phenanthrene, benzyl benzoate, 2-propanol,1-chloro-,phosphate(3:1),
1,4-dioxaspiro[5,5]undecan-3-one, phthalates (diisobutyl phthalate, dibutyl phthalate, diethyl
phthalate), 2(3H)-furanone,dihydro-5-decyl-, nonanoic acid, pinonaldehyde, pelletierine,
nonanal, benzoic acid, etc. Factor six (F6) shows major resolved peaks mostly composed of
alkanes (C17-C29), isopropyl myristate, phenanthrene etc. In addition, F6 also contains a big
portion of UCM in the retention time range of 41-51 min, with the mass spectrum dominated by
m/z 43, 57, 69, 83, 97, 111 etc.

3.3.5 Binning method for source apportionment compared to previously
developed method for chromatogram deconvolution
The chromatogram binning method has two applications for TAG data: chromatogram
deconvolution described in detail in the paper of Zhang (Zhang et al. 2014), and source
apportionment presented here. The PMF factor chromatograms and time series of both the sixand 20-factor solutions are compared here. Figure 3.5S (in supplemental info.) displays the sixfactor chromatograms and mass spectral profiles for the chromatogram deconvolution method.
The twenty-factor chromatograms and mass spectral profiles for the chromatogram
deconvolution method are presented in the Zhang AS&T paper (Zhang et al. 2014). In the sixfactor solution for chromatogram deconvolution, two of the six factors are mainly resolved
compounds (one is the alkane compound class, the other is mostly phthalic acid compound
classes), and the others are dominantly composed of UCM. In the 20-factor solution for
chromatogram deconvolution, more compound classes are separated as single factors – alkanes,
carboxylic acids, furanones, phthalates, cylcyclohexanes etc., as well as several individual
compound factors. In the binning method for source apportionment, the six-factor solution was
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previously described in section 3.4. For the 20-factor solution, the compounds in each factor are
marked in the Figure 3.6S (in supplemental info.). Compared to the previous binning method for
chromatogram deconvolution, this method for source apportionment tends to load many of the
compounds into multiple factors since many of the compounds can come from multiple sources.
PMF factors resulting from the source apportionment method contain a greater diversity of
compound types that correlate over sample time and represent a mixed chemical profile for
specific source types or aerosol processes. The binning method for chromatogram deconvolution
found major chromatogram components and individual factors were dominated by major
compound classes with similar mass spectral features (e.g., alkanes series, acid series, phthalate
series, etc.).
The six-factor time series of the binning method for source apportionment (Table 3.2) and
chromatogram deconvolution (Table 3.1S in supplemental info.) are compared to the six-factor
time series of AMS PMF factors, which are considered as the source components. It is noted that
due to the AMS instrument’s quantitative ability we make comparisons to major components of
OA as determined by AMS PMF. However, the AMS measurement offers minimal chemical
separation compared to the TAG system and is not capable of determining the many likely
sources that contribute to atmospheric OA. While we utilize AMS PMF components here as an
independent third method for comparison, it is likely possible that TAG measurements are
capable of resolving additional sources or transformation processes compared to AMS. The
maximum correlation coeffients (R) with AMS factors in each table (Table 3.2 and Table 3.1S)
are summarized in Figure 3.7S. Most of factors in the binning method for source apportionment
display a better correlation with AMS factors than the factors in the chromatogram
deconvolution method, indicating the binning method for source apportionment does a better job
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for the purpose of source apportionment by separating the major components of sources. Table
3.2S and 3.3S (in supplemental info.) show the correlation coefficients R of the AMS 6
components with the 20-factor solution of TAG-Bin for chromatogram deconvolution and source
apportionment, respectively. While the binning method for chromatogram deconvolution
displayed some high correlations with individual AMS PMF components, this method used a 20factor PMF solution to more completely separate chemical components, and resulting individual
compound classes can have a high correlation with AMS components similar to how individual
marker compounds can have a high correlation with AMS components. However, to do an
independent separation of major sources using only TAG data, this new binning method for
source apportionment must be applied

3.3.6 Source factors comparison of AMS and the TAG binning method
Table 3.2 shows the Pearson correlation coefficient R of six-factor PMF time series between
AMS and TAG-Bin source apportionment method. Three pairs of TAG-Bin (assigned by factor
number) and AMS factors display good correlations: R = 0.87 for F4 vs. MV-OOA, R = 0.80 for
F6 vs. HOA, R = 0.63 for F5 vs. SV-OOA. Figure 3.6 (a-c) show the mass spectra comparison
of those three pairs. For all of the three pairs, TAG-Bin vs. AMS for m/z < 100 follow the line y
= x, whereas for the m/z > 100, it is above the line y = x. The patterns of mass spectra for m/z <
100 are similar between TAG-Bin and AMS. For m/z > 100, TAG-Bin is relatively higher than
AMS. The TAG system has been reported to have higher contributions from larger fragments
when compared to AMS mass spectra, likely due to cooler temperature of molecules during
fragmentation (Williams et al. 2014). Here, factor F4 (paired with MV-OOA) is mostly
composed of oxygenated compounds – carboxylic acids, phthalic acids, triacetin, furanones etc.
Besides the resolved compounds, F4 also contains a portion of UCM with the similar mass
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spectrum to AMS MV-OOV (see Figure 3.5(d) and 3.6(d)). Factor F6 (paired with HOA)
contains a suite of alkanes (C17-29) as well as a portion of UCM with the similar mass spectrum
to AMS HOA (see Figure 3.5(f) and 3.6(e)). Finally, factor F5 (paired with SV-OOA) contains a
large number of semivolatile compounds: nonanoic acid, pinonaldehyde, pelletierine, nonanal,
benzoic acid, etc.

3.3.7 PMF profiles from six-factor solution of TAG-Integrated method
The six-factor PMF is applied to the more traditional TAG-Integrated method. The factor
number is assigned to each factor. Figure 3.8 shows the chemical profiles of the TAG-Integrated
six-factor solution. Factor one (F1) is mostly composed of the hydrocarbons – alkanes, PAHs,
cyclohexanes, etc. Factor two (F2) is dominated by larger alkanes. Factor three (F3) is featured
by the oxygenated compounds - carboxylic acids, phthalic acids, furanones, etc. Factor four (F4)
has the major compounds – terpenes, xanthone, cyclopenta(d,e,f)phenanthrenone, 1,4benzenediamine, N-(1,3-dimethylbutyl)-N'-phenyl-, etc. Factor five (F5) is dominated by the
oxygenated compounds – phthalic acids, furanones, ketones, sulfur-chlorine-phosphoruscontaining compounds, etc. Factor six (F6) is mostly composed of the nitrogen-containing
compounds, furanones, ketones, etc.

3.3.8 Source factors comparison of TAG binning and integration methods
Just as Table 3.2 had listed the Pearson correlation coefficient R of six-factor PMF time series
between AMS and TAG-Bin source apportionment method, Table 3.3 shows the R of six-factor
time series between AMS and TAG-Integrated (conventional compound analysis). Factor
numbers are assigned by each PMF analysis and factor numbers will not be reported in the same
order for different PMF methods. Also, it is not expected that PMF results from different
instruments (AMS vs. TAG) and different input data matrices from the same instrument (TAG87

Bin vs. TAG-Integrated) will divide covarying factors identically. The maximum R (in the
column dimension of tables) with AMS factors in each table are displayed in Figure 3.9 for the
purpose of comparing TAG-Bin source apportionment and TAG-Integrated results. For both
comparisons in Table 3.2 and 3.3, four (LOA-AC, SV-OOA, MV-OOA and HOA) of the six
maximum R in the column dimension are also the maximum R in the row dimension (AMS
factor’s maximum R with each TAG factor). Similar maximum correlation R for TAG-Bin and
TAG-Integrated indicates that TAG-Bin source apportionment shows similar performance to
TAG-Integrated. The maximum R pairs with AMS MV-OOA are TAG-Bin F4 and TAGIntegrated F3, which share many of the same compounds – carboxylic acids, phthalic acids,
furanones etc. The maximum R pairs with AMS HOA are TAG-Bin F6 and TAG-Integrated F1.
They also present many same compounds – alkanes and PAHs. In addition, TAG-Bin F6 has
better R with AMS HOA than TAG-Integrated F1, and TAG-Bin F4 has better R with MV-OOA
than TAG-Integrated F3. The improved correlation (∆R=0.09 on average) is because TAG-Bin
F6 and F4 have a portion of UCM, with the mass spectra similar to the AMS HOA and MVOOA, respectively. In addition, TAG-Bin and TAG-Integrated factors have good correlations (R
> 0.6) with AMS MV-OOA, SV-OOA and HOA factors, suggesting TAG at SOAR was good at
measuring components which are related to MV-OOA, SV-OOA and HOA. Furthermore, TAGBin and TAG-Integrated factors have lower correlations (R < 0.5) with AMS LOA-AC and
LOA2 factors. LOA-AC and LOA2 factors accounts only for 7% of total AMS mass, and it is
expected that PMF results from different instruments, such as TAG and AMS, would produce
lower correlations for minor factors such as these. The maximum R pairs with AMS LOA-AC
are TAG-Bin F1 and TAG-Integrated F6. The TAG-Integrated F6 has better R than TAG-Bin F1.
Many nitrogen-containing compounds, which are highlighted in the TAG-Integrated method
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using the normalized abundance as the PMF input by each compound’s maximum raw signal, are
loaded into TAG-Integrated F6. However, those compounds that have low absolute signals in the
raw chromatogram are buried in the chromatogram profiles of TAG-Bin method, which uses the
raw signal as the PMF input. For AMS LV-OOA factor, TAG-Bin and TAG-Integrated factors
don’t show high correlations (0.5<R<0.6) with it, as many compounds in the LV-OOA category
likely either undergo thermal decomposition or do not transfer through the 30m TAG column.
Although the binning and integration methods have similar performance, the binning method
requires limited data pre-processing and incorporates the entirety of the data set, allowing for a
comprehensive and rapid method for utilizing chromatographically-separated mass spectral data
in factor analyses for the purpose of organic aerosol source identification.
When this binning method for source apportionment is applied to future ambient data sets, the
user will need to determine the appropriate number of PMF factors to choose for a solution.
Each data set will be different and ultimately the operator will need to use their own discretion.
In general, too few factors will combine sources or transformation processes that share either
chemical profile similarities or temporal similarities, and too many factors will begin to cause
“factor splitting” where what should have been a single component is divided into multiple
components based on very minor differences. The original TAG compound integration PMF
solution published by Williams et al. (2010) found that 9 factors best described the analyzed data
set. Here we presented a six-factor solution and 20-factor solution to TAG PMF analysis using
the binning method for source apportionment. This is an appropriate range to explore for urban,
suburban, to rural locations where you would expect at least 6 major OA source contributors or
atmospheric transformation processes that would alter chemical profiles. Urban locations may
contain 20 or more contributing sources, however with that many factors is likely that PMF
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would begin to cause factor splitting of major sources before separating some of the minor
contributing sources. Previous AMS PMF analyses have used higher factor solutions to separate
minor contributing sources, then manually recombined major factors that had been split by the
high factor solution (e.g., Docherty et al. 2011). This is an option for TAG PMF analyses as
well, and given the enhanced chemical resolution of the TAG, additional contributing sources are
expected to be identified.

3.4

Conclusions and implications

In the chromatogram binning method for source apportionment, the whole chromatogram was
divided into evenly-spaced bins, within which mass spectra were summed to form a bin’s mass
spectrum. PMF was applied to separate the sources according to their covariance. The row
dimension of the PMF binning data matrix is the sample number, and the column dimension is
mass spectra eluting time bins. The retention time shift with respect to the first sample was
investigated in both the retention time and the sample number dimensions. The median value of
the retention time shifts in each sample is used to correct the major shifts of the chromatographic
peaks. The effects of different bin widths, with and without retention time shift correction, were
compared. When the bin width was smaller than the retention time shift among all samples, the
retention time shift correction was required. Bin width, which affects chemical resolution, does
not affect the PMF retrieval of the factors’ time series for low-factor simple solutions. In
multiple-source comparisons, the binning method had similar performance to the conventional
compound integration method, but the binning method incorporates the entirety of the data set,
can be fully automated, and requires limited data pre-processing prior to PMF analyses.
In the future, it will be very interesting to see if TAG does a better job of defining many factors
than AMS even for the polar species when using online derivitization to measure them. Two
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binning methods, for chromatogram structure (Zhang et al., 2014) or study-time structure (the
source apportionment method presented here), have now been shown to operate well for the
TAG GC-MS data, and the approach should be of interest for any measurement technique (mass
spectrometry and spectroscopy, etc.) with additional separations (volatility, hygroscopicity,
electrical mobility, etc.).
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Figure 3.1. PMF data matrices of a) the binning method for deconvolution of chromatograms, and
b) source apportionment. The parameter n is the chromatogram number for each hour, b is the bin
number, and m is the index of mass spectrum m/z.
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Figure 3.2. Median values of retention time shifts with respect to the first sample. The positive
median value means the chromatographic peaks shift to the right of the first sample (the elution
runs slower), whereas the negative means peaks shift to the left (faster elution). The total median
shift among all samples during the study period is 13 scan points.
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Figure 3.3. Excerpts of chromatogram for the 1st, middle and end of samples a) before retention
time shift, and b) after retention time shift.
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Figure 3.4. The difference of Pearson R values obtained with retention time shift correction
subtracted from values obtained with no retention time shift correction, of TAG-Bin HOA (OOA)
time series compared to AMS HOA (OOA), and CO (Ox) time series.
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Figure 3.5. The chromatogram profiles of TAG-Bin six-factor solution. The bin width of five scan
points and retention time shift correction are used here. The mass spectra in panels d (factor 4) and
f (factor 6) are the summed mass spectra of what are largely UCM components in the indicated
retention time range.

101

Table 3.1 AMS six components of PMF analysis by Docherty et al.
Factor

Full name

cLV-OOA

composite Low Volatility Oxygenated Organic
Aerosol
Amine Containing Local OA
Local-OA 2
Semi-Volatile Oxygenated-OA
Medium-Volatile Oxygenated-OA
Hydrocarbon-like OA

LOA-AC
LOA-2
SV-OOA
MV-OOA
HOA

% OA
contribution
31.3
4.4
2.6
14.4
30.2
13.8

Table 3.2 The correlation coefficient R of factors’ time series of PMF six-factor solution
between AMS and TAG-Bin. The TAG-Bin indicates the TAG binning method for source
apportionment. The bin width of 5 scan points with retention time shift correction is used here.
AMS 6 components

TAG-Bin
6 factors

Pearson R

Maximum

F1
F2
F3
F4
F5
F6

cLV-OOA

LOA-AC

LOA2

SV-OOA

.08
.45
-.15
.55
-.51
-.09
.55

.38
.01
.26
-.26
-.20
-.01
.38

-.32
.11
.11
-.26
.20
-.18
.20

.26
-.09
.05
-.41
.63
-.15
.63

102

MV-OOA

-.03
.39
-.44
.87
-.39
-.01
.87

HOA

.31
.12
-.32
-.12
-.05
.80
.80

Figure 3.6. The mass spectra comparison of the six pairs of TAG-Bin (assigned by factor number)
vs. AMS – F4 vs. MV-OOA, F6 vs. HOA, F5 vs. SV-OOA, F4 vs. LV-OOA, F1 vs. LOA-AC, F5
vs. LOA2. Each pair shows the maximum Pearson R in Table 2. The mass spectra (m/z 29 – 343
is shown in the color scale) is the normalized signal in log scale.
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Figure 3.7. The mass spectra of AMS six components.
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Figure 3.8. Profiles of TAG-Integrated six-factor solution.

Table 3.3 The correlation coefficient R of factors’ time series of PMF six-factor solution
between AMS and TAG-Integrated. The TAG-Integrated indicates TAG integration method.
AMS 6 components

TAGIntegrated
6 factors

Pearson R

Maximum

F1
F2
F3
F4
F5
F6

cLV-OOA

LOA-AC

LOA2

SV-OOA

.07
-.27
.54
-.59
.46
-.03
.54

.11
-.03
-.22
-.27
-.13
.45
.45

-.17
.08
-.26
.05
-.03
.18
.18

-.32
.19
-.31
.63
-.39
.49
.63
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MV-OOA

-.01
-.21
.78
-.36
.59
-.44
.78

HOA

.71
.53
.06
-.02
-.58
.21
.71

Figure 3.9. The maximum correlation coefficient R from Table 2 and 3 for the comparison of
TAG-Bin and TAG-Integrated
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Supplemental Information for Chapter 3
Calculating the random variability 𝝈𝜺 of the TAG instrument
Figure 1S shows how to calculate 𝜎𝜀 , using the TAG GC mass spectra from a field study. The data
format used here is similar to the data format used for the binning data matrix for source
apportionment in Figure 1. The only difference is that the columns of matrix are chromatography
scan numbers instead of bin numbers, as in Figure 1. We want to retrieve the instrument’s random
variability 𝜎𝜀 from the raw data. The chromatogram (sample) number is represented by n, the
chromatography scan number is b, and the m/z index is from 1 to m. For each chromatography
scan number and m/z values, the standard deviation among all samples is calculated from each
column of the top matrix in Figure 1S. Then we rearrange the standard deviation matrix (the second
matrix in Figure 1S) to form a matrix with dimensions b×m (the third matrix in Figure 1S). The
distribution of standard deviations for each column (each m/z) in the third matrix is expressed in
the form a histogram, the number found in certain chosen intervals of the standard deviation. If
this histogram distribution of standard deviations is a normal distribution, then the mean of data
points in each column of third matrix is assumed as 𝜎𝜀 ; otherwise there is no 𝜎𝜀 retrieved from the
measurement data. The missing 𝜎𝜀 is assigned an artificial value from linear interpolation with
existing 𝜎𝜀 retrieved from the measurement data. Note the assumption, that the histogram
distribution of the standard deviations is a normal distribution, is very important. If this assumption
is true, then the standard deviations calculated here are distributed in a small range, and the mean
of these standard deviations in this small range is considered as the TAG instrument random
variability𝜎𝜀 .
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Figure 3.1S. Flow chart on how to calculate TAG instrument random variability 𝜎𝜀 from a TAG
field study dataset
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Figure 3.2S. Retention time shifts with respect to the first sample for both the retention time and
sample number dimensions. Each sample number represents a new hour in the hourly time series.
Retention time represents the time of compound elution from the GC into the MS (the first 20
minutes of the sample is devoted to sample desorption and injection into the GC). MS data
acquisition was 2.8 Hz, therefore each chromatographic scan point shift represents a shift by 0.36
seconds.
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Figure 3.3S. Time variability of median variability of the retention time shifts with respect to the
linear fitting line in Figure 3.2, and total signal of TAG particle only samples.

Figure 3.4S. Correlation coefficient R of TAG-Bin HOA (OOA) with retention time shift
correction, (1-2) vs CO (Ox), and (3-4) vs AMS HOA (OOA) time series.

110

Figure 3.5S. The factor chromatograms and mass spectra of six-factor solution of TAG-Bin for
the chromatogram deconvolution method. The bin width 5 scan points are used here.
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Figure 3.6S. The chromatogram profiles of TAG-Bin 20-factor solution. The bin width of five
scan points and retention time shift correction are used here.
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Table 3.1S. The correlation coefficient R of factors’ time series of PMF six-factor solution
between AMS and TAG-Bin. The TAG-Bin indicates the TAG binning method for
chromatogram deconvolution. The bin width of 5 scan points without retention time shift
correction is used here.
AMS 6 components

TAG-Bin
6 factors

Pearson R

F1
F2
F3
F4
F5
F6
Maximum

cLV-OOA

LOA-AC

LOA2

SV-OOA

.75
.57
.08
.44
.04
-.06
.75

.12
-.12
.02
-.15
-.06
-.02
.12

-.12
-.24
-.29
-.28
-.24
-.21
–

-.15
-.13
-.08
-.12
-.11
.45
.45

MV-OOA

.71
.77
.20
.70
.19
.14
.77

HOA

-.10
.14
.75
.22
.74
.26
.75

Figure 3.7S. The maximum correlation coefficient R from Table 2 and 1S for the comparison of
TAG-Bin for source apportionment and deconvolution chromatogram.
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Table 3.2S. The correlation coefficient R of factors’ time series of PMF 20-factor solution
between AMS and TAG-Bin. The TAG-Bin indicates the TAG binning method for
chromatogram deconvolution. The bin width of 5 scan points without retention time shift
correction is used here.
AMS 6 components

TAG-Bin 6 factors of deconvolution chromatogram

Pearson R

cLV-OOA

LOA-AC LOA2

SV-OOA

MV-OOA HOA

F1

0.66

0.13

-0.19

0

0.64

0.1

F2
F3
F4
F5
F6
F7
F8
F9
F10
F11
F12
F13
F14
F15
F16
F17
F18
F19
F20

0.48
0.73
0.37
0.49
0.3
0.66
0.2
0.29
0.08
0.08
0.02
0.41
0.64
0.18
0.01
0.08
0.35
0.45
-0.01

0.03
0.4
-0.09
0.05
-0.09
-0.22
0
-0.06
0.03
-0.01
0.01
-0.02
-0.08
-0.16
-0.03
-0.09
0.07
0.48
-0.05

-0.33
-0.05
-0.17
-0.29
-0.33
-0.19
-0.34
-0.2
-0.31
-0.28
-0.3
-0.32
-0.24
-0.36
-0.26
-0.28
-0.1
-0.4
-0.24

-0.05
-0.19
0.02
0.02
0.03
-0.23
-0.13
0.21
-0.1
-0.1
0.03
-0.23
-0.28
0.03
-0.12
-0.13
0.02
0.04
-0.08

0.61
0.44
0.5
0.63
0.52
0.89
0.33
0.44
0.17
0.19
0.15
0.58
0.77
0.48
0.12
0.25
0.4
0.26
0.11

0.31
-0.15
0.25
0.14
0.36
-0.17
0.7
0.41
0.78
0.77
0.73
0.45
0.14
0.42
0.79
0.72
0.2
0.03
0.73
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Table 3.3S. The correlation coefficient R of factors’ time series of PMF 20-factor solution
between AMS and TAG-Bin. The TAG-Bin indicates the TAG binning method for source
apportionment. The bin width of 5 scan points with retention time shift correction is used here.
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Chapter 4: Thermally-evolved speciated components of
atmospheric aerosols measured by the thermal desorption
aerosol gas chromatograph (TAG) in the St. Louis region
during SLAQRS 2013
Abstract
Thermally-evolved materials in ambient aerosols were separated and measured by the thermal
desorption aerosol gas chromatograph (TAG) equipped with quadrupole mass spectrometry in
East St. Louis, IL during the 2013 St. Louis Air Quality Regional Study (SLAQRS). Positive
matrix factorization (PMF) was applied to the mass spectra of chromatography bins in TAG
decomposition and compound window, separately. The decomposition fraction has only recently
been discovered to offer information on inorganic and thermally-labile organic aerosol
components and is explored here for the first time from continuous field measurements of
ambient aerosol. A nine-factor solution for the decomposition window revealed two isoprenederived oxygenated organic aerosol (OOA) factors featuring known Isoprene EPOXydiol
(IEPOX) SOA signatures. One of these factors is elevated at night (isoprene OOA) and the other
factor (isoprene OOA_sulfate) is elevated during the daytime and has enhanced sulfate signal.
The isoprene OOA_sulfate factor likely formed when acidic sulfate aerosols enhanced IEPOX
uptake into the aerosol phase, likely through production of dimers and organosulfates etc. A
carbon-rich sulfate factor was also observed during the presence of this isoprene OOA_sulfate
factor. This carbon-rich sulfate factor and 3 other observed sulfate factors (with similar mass
spectral features but different volatilities or decomposition temperatures), when summed display
a good correlation (R=0.8) with aerosol mass spectrometer (AMS) sulfate, suggesting TAG is
capable to quantify the sulfate component. In addition to analyzing the thermal decomposition
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component, an eight-factor PMF solution was determined using only the compound window,
similar to previous GC/MS methods, and three major categories of components were discovered:
SOA, PAH and HOA. The major SOA component is correlated with isoprene OOA components
from the decomposition analysis. Four types of HOA have good correlations with different
tracer compounds. HOA-1 has good correlation with alkanes, caffeine, and cotinine (tobacco
tracer), suggesting it may be from local traffic, residential areas, or restaurants. HOA-2 has an
unknown source, there are indicators that HOA-3 may be from a local wastewater treatment
plant incinerator, and HOA-4 has good correlation with hopanes, implying it was from traffic.
Finally, including the TAG decomposition window in PMF analysis with binning method
significantly increased the fraction of analyzed OOA by 50% for the SLAQRS dataset,
highlighting the importance to incorporate this fraction of TAG signal in future studies.

4.1

Introduction

Atmospheric aerosol has significant effects on human health, Earth’s energy balance and the
hydrological cycle (Gauderman et al. 2015; IPCC 2013). The real-time determination of aerosol
chemical composition is one of the keys to model and address these effects. Aerosol thermal
vaporization combined with various detection techniques can be applied to determine the aerosol
chemical composition. Examples of such measurement techniques include the Organic
Carbon/Elemental Carbon (OC/EC) analyzer (Chow et al. 1993), Aerosol Mass Spectrometer
(AMS) (Canagaratna et al. 2007), etc. Thermally-evolved materials are non-refractory, and
contains organic compounds, sulfate, nitrate, ammonium, etc. The organic fraction can be
separated by Gas Chromatography and detected by Mass Spectrometry (GC/MS). GC/MS
provides a higher chemical resolution than OC/EC analyzer and AMS (Hallquist et al. 2009).
There now exists several models of a fully automated, in-situ thermal vaporization plus GC/MS
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technique – Thermal desorption Aerosol Gas chromatograph (TAG) (Williams et al. 2006),
Semi-Volatile TAG (SV-TAG) (Isaacman et al. 2014; Zhao et al. 2013b), 2-dimentional TAG
(Goldstein et al. 2008), AMS-TAG (Williams et al. 2014) etc. In traditional GC/MS data
analysis, receptor modeling for source apportionment is applied on the integrated compound
peaks (Williams et al. 2010b; Zhao et al. 2013a). There are two shortcomings for this integration
method. The first one is peak integration is time consuming. The second one is Unresolved
Complex Mixtures (UCM), which accounts for a large fraction of the eluting mass, are excluded
in the receptor modeling. A novel method – binning method inserts the whole chromatogram
with mass spectra into the receptor modeling, and can overcome these two shortcomings (Zhang
et al. 2015; Zhang et al. 2014). The whole TAG chromatogram can now be divided into two
analysis regions: (1) compound region in which the thermally-evolved materials have GC
column interaction, and (2) decomposition region in which the decomposition materials are
formed by heating and vaporizing the aerosols, and have no GC column interaction, eluting prior
to the temperature ramp of the GC oven. Williams et al. found that the decomposition region
contains many decomposition products from – sulfate, nitrate, isoprene SOA, low volatility
oxygenated organic aerosol, etc. (Williams et al. In Prep.). The binning method includes
decomposition region in the receptor modeling to significantly increase the TAG mass
completeness (Zhang et al. In Prep.; Zhang et al. 2014)
The St. Louis Air Quality Regional Study (SLAQRS) 2013 was aimed to investigate the
chemical and physical properties of atmospheric aerosol in the St. Louis Region, US. The
sampling site of the SLAQRS campaign is the previous USA EPA Midwest Supersite (Turner
2007). Jaeckels et al. reported PMF analysis on molecular marker measurements from 24-hr
integrated filters collected every sixth day between May 13, 2001 through June 8, 2003 to
119

quantify the sources of organic aerosols, which were shown to consist of secondary organic
aerosol, wood combustion, two types of winter combustion, mobile factor, point sources and resuspended soil (Jaeckels et al. 2007). Lewandowski et al. using 24-hr integrated filters from a 1in-6 day sampling schedule between March 2004 through February 2005 applied a Chemical
Mass Balance (CMB) model to estimate the contributions from several primary sources to the
PM2.5 (particulate matter ≤ 2.5 µm aerodynamic diameter), which consisted of soil, vegetative
detritus, biomass burning, mobile sources and natural gas. In addition, an organic tracer-based
technique was used to estimate secondary organic aerosol contributions from several secondary
organic aerosol (SOA) precursors – isoprene, α-pinene, β-caryophyllene and toluene. They found
the strongest contribution to SOA is isoprene oxidation during the summer time (Lewandowski
et al. 2008). Lee et al. analyzed integrated filters to define ten sources of PM2.5 using PMF on
EC, OC, ions and trace elements, which consisted of secondary sulfate, carbon-rich sulfate,
gasoline exhaust, secondary nitrate, steel processing, airborne soil, diesel emissions/railroad
traffic, zinc smelting, lead smelting and copper production (Lee et al. 2006). Lee and Hopke,
again analyzing integrated filters used PMF, wind direction, and backward trajectory analysis to
identify PM2.5 sources – local non-ferrous metal smelting and steel processing, mobile (gasoline
and diesel), regional secondary sulfate, and regional secondary nitrate (Lee and Hopke 2006).
Amato et al. reported an updated, constrained PMF analysis on the multiple-site data in St. Louis
region to perform the source apportionments of PM2.5 (Amato and Hopke 2012). In addition,
Wang et al applied conditional probability function (CPF) analysis and non-parametric
regression (NPR) on highly time resolved (hourly) fine particle composition (OC, EC, ions,
metals) to determine major particle sources in St. Louis between June 2001 through May 2003
(Wang et al. 2011). Du et al. used PM2.5 lanthanoid and nonparametric wind regression (NWR)
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to track the petroleum refinery emissions in East St. Louis (Du and Turner 2015). Maier et al.
adopted four receptor models and a chemical transport model to quantify the PM2.5 source
impacts at St. Louis supersite between 2001 to 2003 (Maier et al. 2013). Bae et al. reported the
semi-continuous measurements of EC and OC for an entire year of 2002. It was observed that the
OC concentration was high in the summer time and the EC concentration was high in the winter
time (Bae et al. 2004). Bae et al. assessed the seasonal variations in ratio of organic mass to
organic carbon over 2 years with 1.81+-0.07 for summer and 1.95+-0.17 for winter (Bae et al.
2006). Sullivan et al. reported the on-line measurements of water-soluble organic carbon
(WSOC) and organic carbon, of which the ratio showed a good correlation with ozone in June,
indicating WSOC was associated with secondary organic aerosol formation (Sullivan et al.
2004).
While there are many previous studies summarized above on the aerosol source apportionment in
the St. Louis region, they were mostly based on the offline filter-based techniques with low time
resolution and low organic chemical speciation, focusing more on source apportionment of total
PM2.5 and less on source apportionment of fine organic aerosol (OA). Additionally, most of
these studies were performed over 10 years ago when different industries were active (e.g., zinc,
lead, and copper smelters) compared to today. In this paper, we will present the data collected
during the SLAQRS 2013 study at the previous US EPA Midwestern supersite. Many collocated
real-time instruments, such as AMS for measuring aerosol phase chemical composition, Proton
Transfer Reaction Mass Spectrometer (PTR-MS) for measuring volatile organic compounds
(VOCs) and oxygenated VOCs (OVOCs) were sampling simultaneously. Two separate PMF
analyses are performed on TAG SLAQRS data, one for the thermal decomposition fraction to
better determine what information is contained in this newly analyzed signal, and the other for
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eluting compounds as would traditionally be applied or source apportionment of the OA fraction
of total PM2.5. In the receptor modeling analysis on TAG data, the binning method will be
applied on the whole chromatogram to speed the data analysis and to increase the mass
completeness. The collocated instrument measurements (e.g., AMS and PTR-MS) as well as
meteorological information are used to assist to determine the major sources of measured
samples.

4.2

Methods

4.2.1 SLAQRS campaign overview
The sampling site (38°36'43.18"N, 90° 9'38.17"W) was the previous home of the U.S. EPA
Midwest Supersite, currently serving as a State of Illinois criteria air pollutant monitoring site,
and is located in the Greater St. Louis area near several highways and local industries. A
majority of the source apportionment studies summarized in the introduction were based on the
data collected at this site. The SLAQRS campaign took place from August 4th through October
11th 2013. A full suite of gas and particle phase measurements, and supporting meteorological
measurements were conducted. The measurements presented in the paper include TAG, AMS,
PTR-MS, and gas analyzer (NO, NOx, SO2 and O3), briefly described below. All instruments
were placed inside co-located trailers. Sampling inlets were approximately 20 feet above ground
level.

4.2.2 TAG measurement
TAG is a fully automated instrument that achieves hourly time resolution. The TAG system is
capable of collecting the entire particle-phase fraction of low-volatility and semi-volatile organic
compounds and a fraction of the gas-phase fraction of semi-volatile organic compounds
(Williams et al. 2010a). The TAG instrument had three sampling modes during the SLAQRS
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study: (1) ambient for sampling both gas and particle phases, (2) filtered for only sampling gas
phase fraction, and (3) denuded for only sampling particle phase. The sampling types and periods
are summarized in Table 1: (1) sampling period 1 is from Aug. 4th to 24th with every three
ambient samples and one filtered ambient samples, (2) sampling period 2 is from Aug. 24th to
Sep.13th with samples alternating between ambient and denuded modes, (3) sampling period 3 is
from Sep. 16th to Oct.11th with samples alternating between ambient and filtered modes. Particles
in collected samples were pre-cut by a cyclone to obtain PM2.5. The collected samples were
humidified and impacted onto a collection thermal desorption (CTD) cell at 30 °C. The CTD cell
was then heated to 310 °C, and the samples were thermally desorbed into a helium carrier gas
that transported them into a GC oven at 45 °C, where vapors re-condensed onto the head of the
GC column. Some of very volatile materials (thermal decomposition fragments) went through
the cold GC column without column interaction to arrive at the detector prior to heating the GC
oven. The detected signals of these very volatile materials corresponded to the decomposition
region of the TAG chromatogram. After the vapor re-condensation, the GC oven slowly heated
to 310 °C, and the eluting compounds were then carried to a quadrupole mass detector for mass
spectral identification. The signals obtained here corresponded to the compound region of the
TAG chromatogram (Williams et al. 2006; Williams et al. In Press). The Figure 4.1 shows the
TAG instrument schematic and the decomposition and compound regions with corresponding
oven temperature.

4.2.3 Complementary measurements
High Resolution Time of Flight Aerosol Mass Spectrometer (HR-ToF-AMS) was used in
SLAQRS for measuring the non-refractory chemical components (organics, nitrate, sulfate,
ammonium, chloride) of submicron aerosols (DeCarlo et al. 2006). Mixing ratios of major VOCs
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and OVOCs were measured using the PTR-MS with a quadrupole mass spectrometry.
Supporting gas measurements were collected using Thermo-Fisher monitors of O3 (#49i),
NO/NO2/NOX (#42iTLE), and SO2 (#43iTLE). In addition, Aethalometer was adopted for Black
Carbon (#AE-22) measurement. CO was measured by gas chromatography (GC) with a reducing
compound photometer (Peak Performer 1; Peak Laboratories LLC., USA) (Hu et al. 2011).
Supporting meteorological measurements of parameters including temperature, relative
humidity, wind speed, and wind direction were collected at a companion measurement site in
nearby (15 miles) Roxanna, IL.

4.2.4 Binning method
The binning method inserts the whole chromatogram, including both decomposition and
compound regions, into the receptor modeling – positive matrix factorization (PMF). PMF is a
multi-linear model:
𝑥𝑖𝑗 = ∑𝑝ℎ=1 𝑔𝑖ℎ 𝑓ℎ𝑗 + 𝑒𝑖𝑗 ,

(4.1)

where 𝑥𝑖𝑗 is input data, 𝑔𝑖𝑝 is profile loading, 𝑓𝑝𝑗 is profile, and 𝑒𝑖𝑗 is residual. In the process of
solving the equation (1), the goal is to minimize the Q function:
𝑒2

𝑖𝑗
𝑄 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 𝜎2 , subject to 𝑔𝑖ℎ ≥ 0 and𝑓ℎ𝑗 ≥ 0,
𝑖𝑗

(4.2)

where 𝜎𝑖𝑗 is the estimated uncertainty of 𝑥𝑖𝑗 . In this paper, PMF2 algorithm was used to solve
the model. In addition, robust factorization, which is a technique of iterative reweighing of the
individual values to down-weight the outliers, was also conducted. The Q function becomes:
𝑄 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 (ℎ

2
𝑒𝑖𝑗

𝑖𝑗 𝜎𝑖𝑗 )

2

,

(4.3)
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where

2
ℎ𝑖𝑗
={

1, |𝑒𝑖𝑗 /𝜎𝑖𝑗 | < 𝛼
|𝑒𝑖𝑗 /𝜎𝑖𝑗 |/𝛼, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

,

(4.4)

where 𝛼 is the outlier distance and the value of 𝛼=4 was used in the robust mode (Paatero 1997).
A custom software tool (PMF Evaluation Tool, PET, version 2.06 (Ulbrich et al. 2009)) in Igor
Pro (version 6.2 and version 6.3 for 64-bit beta, WaveMetrics, Inc.) was employed to evaluate
PMF outputs and related statistics.
In the binning method for source apportionment (Zhang et al. 2015), the whole chromatogram is
evenly divided into the chromatography bins. The PMF was applied to the bins’ mass spectra for
source apportionment. The input PMF data matrix is arranged as – the row dimension is the
sample number, and in the column dimension, the first bin’s mass spectra ranges from 1 to l; the
second bin’s mass spectra from l+1 to 2×l, where l is mass spectra m/z index. The estimated
uncertainty for PMF input matrix was calculated as
𝜎 = √𝛿 2 + 𝜀 2

(4.5)

where 𝛿 is the instrument calibration bias, and 10% of the measured signal was used in the
paper; 𝜀 is the instrument random variability, which was statistically retrieved from the ambient
sampling data, and was described in detail in the paper of Zhang et al. (Zhang et al. 2015). The
variable 𝜀 is a very small portion of the estimated uncertainty for the atmospheric aerosol
abundant ions produced from electron impact ionization mass spectrometry, such as m/z 43, m/z
44 etc.
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4.2.5 Data analysis
The TAG raw data were recorded by the Agilent Chemstation, and exported to .CDF file format.
The CDF files were then converted to H5 file format. Finally, the H5 files were imported to Igor
software, which is the platform of the PET tool for PMF analysis. There are three cases for
obtaining the TAG particle-only data that will be used for analysis here. In the first case, every
three ambient samples were followed by one filtered ambient sample. As the filtered samples are
in low time resolution, they were firstly interpolated into ambient sample timeline. Then particle
only data was obtained by the subtraction of the ambient and filtered ambient samples. This
subtraction removes the gas fraction along with GC column bleed, system contaminants (e.g.,
some m/z 44 from graphite ferrules), and air background (see Table 4.7). In the second case,
ambient and denuded samples were collected alternately. Particle only data was obtained by the
subtraction of denuded samples and cell blanks (no collection) to remove column bleed, system
contaminants, and air background. In the third case, ambient and filtered samples were collected
alternately. Filtered samples were firstly interpolated into the ambient samples’ time line. Then
particle only data was obtained by the subtraction of ambient and filtered samples. This gas
phase subtraction technique is based on the method applied by Williams et al. (2010b) to
separate particle-only signal using individual resolved compounds.
The binning method for source apportionment was applied on the particle only data. The
decomposition and compound regions were separately inserted into PMF for fitting. The
decomposition region used a coarse bin width of 30 mass spectral scan points as it doesn’t
contain narrow resolved peaks. For the compound region, the smaller bin width (5 scan points)
yielded higher chemical resolution. However, the compound peaks in the chromatograms are
shifting along the sample time line due to the variability of the sample mass loading in the TAG
instrument. The small bin width requires retention time shift correction (Zhang et al. 2015). We
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conducted the peak integration on 240 major compounds – a wide selection of polar and
nonpolar compounds in the samples, to obtain the compounds’ retention times in each sample.
Agilent MassHunter Workstation software (version B.07.00) was used for the automatic
integration. Retention time shifts for each compound were calculated by comparing to the first
sample. Then we calculated median values of these retention time shifts among 240 compounds
for each sample. The median value was used for retention time shift correction. The calculated
median value only worked well for the sampling periods 1+2. For the period 3, some of the
chromatogram samples only had a few peaks due to relatively clean air quality, and we could not
identify a statistically meaningful median value for correcting the shifts. So the compound
window PMF with the small bin width (5 scan points) was only conducted on the data from
sampling periods 1+2. A rough estimation of total hydrocarbon-like organic aerosol (HOA) and
oxygenated organic aerosol (OOA) was determined through a two-factor PMF solution to the
compound window data and is used for additional supporting information here (see Figure 4.5).
. In addition, manual inspection for each automated peak integration was done only for the
sampling time period 2. Therefore the integrated compounds shown in this chapter were only
from the samples in sampling period 2.
The decomposition region contains chromatographic scan points 1238-3337 (with 3.4 Hz, that
means retention times 10 min) with mass spectrum m/z 29 to 350. The compound region contains
scan points 4496 to 8495 (retention times 20 min) with m/z 29 to 300.

4.3

Results and discussion

4.3.1 Overview of the SLAQRS campaign
Figure 4.2 shows the overview of the SLAQRS campaign. During the campaign, the solar
intensity was mostly stable except for an occasional cloudy day with relatively low intensity. The
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relative humidity was anti-correlated with solar intensity with Pearson R = - 0.56. The gas phase
SO2 was high in periods 1+2, and gas phase NOx (NO+NO2) was high in the period 3. The gas
phase O3 was high in period 2, and CO was high in period 3. The correlation Pearson R between
NOx and CO is 0.76, suggesting they both originate from the same (anthropogenic) sources. The
biogenic VOC isoprene and its gas phase oxidation products (methyl vinyl ketone +
methacrolein (MVK+MACR)) were both high in period 2 with the correlation Pearson R = 0.89
between them. The anthropogenic VOCs – benzene and toluene were high in periods 1 and 3,
with the correlation R = 0.80 between them. In addition, the non-refractory compositions of PM1
from AMS measurement were mostly comprised of sulfate and organics.

4.3.2 PMF results for decomposition region
To explore the decomposition region, PMF factor solutions from 2 to 15 factors, and fpeak
values from -1 to 1 with step 0.5 were calculated. Hopke has pointed out that the changes in Q
versus factor number is useful to help determine an appropriate factor number, where additional
factors will not result in significant improvements in Q value (Hopke 2012). Figure 4.3 (A)
displays the delta Q/Qexp value versus factor number as well as Q/Qexp value. Q/Qexp value for
factor number 2 to 15 ranged between 1.0 and 2.1, indicating a good PMF fitting. Delta Q/Qexp
is stable at factor number 9. Figure 4.3(C) shows the Q/Qexp value versus fpeak for factor
number 9. Q/Qexp value has the minimum at fpeak 0. Therefore, factor number 9 and fpeak 0
was adopted for the decomposition region. Figure 4.4 – 4.6 display the PMF results of this ninefactor solution including mass spectra, time series, chromatogram, and diurnal plots. Figure 4.7
shows the Nonparametric Wind Regression (NWR) for each factor.
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4.3.2.1 Two types of Nitrate factors
Nine-factor solution of decomposition region resolved two types of Nitrate factors:
Nitrate+OOA_carboxylic acids, and Nitrate+benzene+toluene. Figure 4.4(A) is the mass
spectrum for Nitrate+OOA_carboxylic acids. Besides the presence of m/z 44, a peak for
oxygenated organic compounds, peaks m/z 30 and m/z 60 are present in the mass spectrum. The
m/z 30 could be NO+, the thermal decomposition product of aerosol nitrate, and the m/z 60 could
be C2H4O2+, the marker of organic acids. The time series of Nitrate+OOA_carboxylic acids
factor and the compound deconoic acid are shown in Figure 4.4(H). The correlation Pearson R
between them is 0.78. Not only deconoic acid, other carboxylic acids detected by TAG also have
good correlations (R is above 0.5) with this factor (see Figure 4.15). The diurnal pattern of
Nitrate+OOA_carboxylic acids factor is elevated at night and peaks around 9 AM (Figure 4.8).
Aerosol nitrate and carboxylic acids are most often from secondary oxidation sources (nitrate
from NOx oxidation and carboxylic acids from oxidation of many precursor hydrocarbons).
These species would typically be elevated in the morning, when precursor emissions are high,
boundary layer is still shallow, and photochemistry has started, continuing through the day as the
production term and dilution due to an elevated boundary layer compete. Other urban sites have
shown elevated aerosol nitrate between the hours of 6AM through 2PM, and aerosol carboxylic
acids elevated from 6AM through 6PM (Docherty et al. 2011; Williams et al. 2010b). It is
possible that this factor results from the creation of organic nitrates formed from nighttime
nitrate radical chemistry, and the aerosol nitrate and carboxylic acids are two decomposition
products of the resulting aerosol. Also, it has been proposed that condensing carboxylic acids
can condense onto preexisting aerosol and partially displace nitrate to form organic salts and
release nitric acid back to the gas phase, with resulting aerosol containing mixed aerosol nitrate
and organic acid composition (Wang and Laskin 2014). Finally, there could be a primary
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emission source that produces these distinct aerosol decomposition components. The Nonparametric Wind Regression (NWR) for this factor shows a slight direction preference from
northwest of the sampling site (Figure 4.9). Already it is observed that the decomposition
window of the TAG chromatogram is providing information previously not detected when only
including the TAG compound window.
Figure 4.4(B) shows the mass spectra of the other Nitrate factor – Nitrate+benzene+toluene.
Other than m/z 30 and 44, it contains high signals of m/z 78, and some 91. Figure 4.4(I) displays
the time series of this factor. It can be considered as a point source as evidenced by the huge
increase from the overnight to the early morning on a single day (September 22nd). This factor
has good correlation (R = 0.85) with (benzene+toluene)PTRMS * (PM1)AMS, which was calculated
according to gas-particle partitioning model (Odum et al. 1996), and is an indicator of particle
phase abundance of benzene plus toluene (compounds that typically are almost entirely in the gas
phase). It also has a good correlation (R = 0.77) with an HOA factor determined from a twofactor PMF solution for compound region signal with a wider bin width 30 scan points for the
whole sampling time period 1+2+3, a relatively coarse resolution compared to the multi-factor
PMF solution for compound region signal presented below with 5 scan points for sampling
periods 1+2. This HOA component is comprised of a large amount of UCM with an alkane-like
mass spectrum (see Figure 4.5). The good correlation with this HOA indicates that they
possibly came from the same anthropogenic source – fossil fuel (Gough and Rowland 1990).
Figure 4.6 shows the time series of m/z 78 and 91 in the decomposition region for the three TAG
sampling modes (ambient, filtered, denuded), the particle only, and cell blanks. Signal is found
in both the gas and particle phase, indicating phase-partitioning behavior as opposed to pure
decomposition from a larger thermally labile compound or oligomer. For the most of time,
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particle signals are very low for these two ions, however some measurable fraction of the signal
is always from the particle phase, regardless of method used to determine particle-phase fraction
(e.g., filter subtracted ambient signal, or denuded signal). For the time period from the midnight
to the early morning on September 22nd, particle of m/z 78 showed a large spike, suggesting
enhanced partitioning to the particle phase during that large event. The benzene electron impact
mass spectrum has the largest peak of m/z 78, and the toluene has the largest peak of m/z 91. If
we assume the m/z 78 and 91 in this factor were from the benzene and toluene, a strong driving
force is required for them to partition between particle and gas phases, otherwise it is impossible
for such volatile compounds to partition. One possible explanation is that a large amount of
alkane-like UCM in the particle phase enables benzene and toluene to have greatly enhanced
affinities (activity coefficients) to these type of particles. Thus they can easily go to the particle
phase. The other peaks in the factor, such as m/z 112, 55, 41, 39 etc., could be from the ion
fragments of alkenes, also present in fossil fuels (Hellier et al. 2013; Rogge et al. 1993). Time
series of this factor displays sharp peak from midnight to early morning on September 22nd,
which is consistent with its diurnal profile showing the peak from the midnight to the early
morning. This strong peak was from the wind direction around 300˚, that is also consistent with
the NWR plot for this factor (Figure 4.9) – the major contribution is from the west of the
sampling site (towards St. Louis and metro west).

4.3.2.2 Two types of isoprene OOA factors
Figure 4.4(C-D) display the mass spectra for two types of isoprene OOA: (1) isoprene OOA,
and (2) isoprene OOA_sulfate, They both have high peaks of m/z 53 and 82. The m/z 53 and 82
are the mass spectral makers for isoprene SOA in the thermal desorption electron impact mass
spectrometry (Allan et al. 2014; Hu et al. 2015; Nguyen et al. 2014a). They were formed by
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taking up Isoprene EPOXydiols (IEPOX), that are the aerosol precursor produced in the daytime
chemistry of isoprene oxidation through low-NOx pathway (Pye et al. 2013), into particle phase.
The difference between the two isoprene OOA factors is that isoprene OOA_sulfate has elevated
mass spectral peaks m/z 64 and 48, which are the tracer of sulfate (SO2+ and SO+). The time
series of isoprene OOA factor in Figure 4.4(J) has a good correlation with gas phase
compounds: isoprene (R = 0.69), and methyl vinyl ketone + methacrolein (mvk_macr) (R =
0.75). The mvk_macr is the first generation products of isoprene oxidation formed in the daytime
chemistry (Nguyen et al. 2014b). The good correlations suggest isoprene OOA factor is fresh
isoprene SOA. Figure 4.10 (A-B) show the diurnal trends of isoprene and mvk_macr, and
Figure 4.8 (C) displays the diurnal pattern of the isoprene OOA factor. Isoprene OOA factor,
isoprene and mvk_macr all have diurnal patterns with elevated concentrations appearing
overnight and through the morning hours. Figure 4.9 (C) shows the Nonparametric Wind
Regression (NWR) of isoprene OOA factor. It arrived from the southwest of the sampling site.
Isoprene is emitted in large amounts during the summertime to the southwest of the St. Louis
region by the Ozarks deciduous forests (Wiedinmyer et al. 2005). Isoprene emissions are
dependent on light and temperature and is therefore only emitted during the daytime. It has a
short atmospheric lifetime during the daytime and only the end-of-day emissions can transfer to
the St. Louis region without complete oxidation, building up to a maximum during the nighttime
shallow boundary layer. Mvk+macr is also oxidized away during daytime transport to St. Louis
and converted to longer-lived oxidation products like acetic and formic acids, and isoprenegenerated SOA. The isoprene OOA factor was formed in the daytime chemistry of isoprene
oxidation through low-NOx pathway, and transferred to St. Louis region during the night.
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In the sampling time period 2 when isoprene concentration was continuously high, isoprene
OOA_sulfate factor also has a good correlation (R = 0.60) with carbon-rich sulfate factor
(another factor from the decomposition region). In the diurnal plots, the isoprene OOA_sulfate
factor and carbon-rich sulfate factor were both high in the afternoon. Figure 4.11 presents the
time series of two isoprene OOA factors in a short time period Aug 26 – 31, 2013, when the
measured isoprene concentration was continuously high. When one of two factors was high, the
other was low. There is a clear connection between the isoprene OOA_sulfate factor and the
isoprene-OOA factor. The isoprene OOA_sulfate factor was possibly formed based on the
isoprene OOA factor in the presence of sulfate. In the daytime, there is elevated acidic sulfate
aerosol to enhance IEPOX uptake into the aerosol to make dimers, organosulfates, etc. (Nguyen
et al. 2014a), which are possibly associated with the isoprene OOA_ sulfate factor and
carbon_rich sulfate factor. In the NWR plots, both of two isoprene OOA factors were coming
from the southwest of the sampling site as expected (Figure 4.9). These important factors have
never before been observed in TAG data using only the compound window, and multiple
isoprene OOA components have not been observed by other measurement techniques. Here, the
sum of the isoprene OOA_sulfate factor and the carbon-rich sulfate factor (during high isoprene
impact period 2), may represent the total enhancement of isoprene aerosol formation from acidic
seed aerosol.

4.3.2.3 Sulfate and carbon-rich sulfate factors
The nine-factor solution presents three sulfate factors and one carbon-rich sulfate factor. All of
their mass spectra contain m/z 48 and 64. The difference among them is that carbon-rich sulfate
has elevated m/z 44. The time series and mass spectra of three sulfate factors shown in Figure
4.4(L) are so identical (the correlation R among them is high, see Table 4.2) that they can be
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combined. As mentioned above, the carbon-rich sulfate factor has a good correlation (R = 0.60)
with the isoprene OOA_sulfate factor in the sampling time period 2, but appears to have other
sources during periods 1 and 3 (Figure 4.4(K)). In addition, the total sulfate (the summation of
all three sulfate factors and one carbon-rich sulfate factor) has a good correlation (R = 0.8) with
AMS sulfate measurement, indicating that m/z 48 and 64 are the ions representing the SO+ and
SO2+ decomposed from aerosol sulfate. Interestingly, the various sulfate factors here display
differences in thermal evolution as they decompose from the heated aerosol sample (Figure 4.7),
indicating they could represent slightly different forms of aerosol sulfate or could be present in
different internal and external mixing states.

4.3.2.4 Contamination factor
Figure 4.4(G) shows the mass spectrum of chloroform. Chloroform is the solvent used in
regularly injected TAG standards. The large quantity of solvent was purged by helium gas for
five minutes. Most of the solvents should be removed. However, some of the residuals would be
carried over to the following sample analysis as observed here by PMF results.

4.3.3 PMF results for compound region
The PMF on compound region with bin width 5 scan points in the sampling time period 1+2 was
conducted with factor solution from 1 to 15. Again, this PMF analysis is more typical of the
traditional PMF analysis for source apportionment of fine OA, except we will now utilize the
entire compound window signal (compounds + UCM) instead of only resolved compounds as
has been performed in past studies (e.g., Williams et al. 2010b). Figure 4.3(B) demonstrates the
Q/Qexp value versus factor number as well as ∆Q. Q/Qexp is in the range of 1 to 1.5, and ∆Q
becomes stable when factor number increases to 8. Figure 4.3(D) illustrates the Q/Qexp value
for the factor number 8 versus fpeak, with the minimum Q/Qexp value at fpeak = 0. Therefore,
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factor solution 8 with fpeak = 0 was utilized for the compound region. The Figure 4.12-14
shows the factors’ chromatograms, mass spectra, time series, diurnal trends and NWR plots.

4.3.3.1 Two types of SOA factors
The eight-factor solution resolves two types of SOA factors – SOA-1 and SOA-2. The signal of
SOA-1 is much larger than the signal of SOA-2. In the chromatogram (Figure 4.12), SOA-1 has
major resolved compounds: 2-pentadecanone,6,10,14-trimethyl, 12-hydroxydodecanoic acid,
benzoic acid, phthalic acids (phthalic acid, 3-methylphthalic acid, 4-methylphthalic acid),
pelletierine, phthalimide, fluorenone and anthraquinone etc. SOA-2 has one major resolved
compound – phenanthrene, which is not an SOA marker, however could have covariance with
condensing SOA material due to its semivolatile nature. However, the mass spectrum of SOA-2
exhibits elevated peaks, such as m/z 44, 43, 55, and 105 that are indicative of secondary organic
species such as acids and carbonyls. Therefore, SOA-2 must contain a fraction of UCM, which
contains mostly secondary species. Additionally, there is significant signal at m/z 64 which may
be from secondary sulfate or organosulfate resolved compounds or UCM. In Figure 4.15, it
shows that SOA-1 has good correlations with the integrated compounds: decanoic acid (R =
0.88), phthalic acid (R = 0.83), 3-methylphthalic acid (R = 0.82), nonanoic acid (R = 0.79),
benzoic acid (R = 0.80), etc., whereas all the correlations of SOA-2 with the integrated
compounds are below 0.5, and therefore would not appear in a traditional PMF analysis of
resolved marker compounds. The diurnal trends of SOA-1 (Figure 4.16(A)) and O3 (Figure
4.10(D)) both display the maximum in the afternoon, indicating the major components in SOA-1
were produced by photo-oxidation. The diurnal trend of SOA-2 doesn’t display a clear diurnal
trend. It is likely a minor component splitting from the main SOA factor SOA-1. The NWR plot
(Figure 4.17) of SOA-1 illustrates it presented strong signals when the wind direction was from
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the south and west of the sampling site, similar to the isoprene OOA factors from the
decomposition PMF analysis, although not as directed to only the southwest, and SOA-2 is
elevated from the northeast.

4.3.3.2 Two types of PAH factors
Two types of PAH factors PAH-1 and PAH-2 were separated in the eight-factor solution.
According to the time series, PAH-1 was almost only present in the sampling time period 2, and
PAH-2 has a fair correlation (R = 0.5) with black carbon (BC). Both of these two PAH factors
peaked in the morning in the diurnal trends. In the chromatograms, PAH-1 contains major
resolved compounds: semivolatile PAH’s phenanthrene, fluoranthene, pyrene, and some
oxygenated compounds, whereas PAH-2 is a mixture of pure hydrocarbons fluoranthene, pyrene,
some lower volatility m/z 226, 228, 252 PAHs according the mass spectrum (Figure 4.13(D),
and some alkanes. Figure 4.15 shows that PAH-1 has good correlations with the integrated
compounds – fluoranthene (R = 0.81), 8,11-methano-7a,8,9,10,11,11a-hexahydro(b)naphtho[1,2d]furan (R = 0.81) , acephenanthrylene (R = 0.81), pyrene (R = 0.79), naphthalene,2-phenyl-, (R
= 0.79), etc. It also shows that PAH-2 has good correlation with the integrated compounds:
cyclopenta(cd)pyrene (R = 0.91), hexadecanoic acid (R = 0.8), naphthalene,2-phenyl- (R = 0.79),
chrysene (R = 0.78), fluoranthene, 1-methyl- (R = 0.78 ), etc. In the diurnal plots (Figure 4.16
C-D), PAH-1 and PAH-2 both peaked in the morning. The NWR plots in the Figure 4.17 (C-D)
show that PAH-1 factor has the wind direction preference from the south - southeast, whereas
PAH-2 factor has preference from the northeast. PAHs can come from a variety of combustion
sources. Here, PAH-1 represents a semivolatile PAH source that may be either partially
oxygenated or is mixed with other semivolatile oxygenated molecules, and PAH-2 appears to be
a fresher combustion source composed of larger PAH molecules and other hydrocarbons.
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4.3.3.3 Four types of HOA factors
Four types of HOA factors HOA 1-4 were identified. Their mass spectra are almost identical and
all alkane-like. However, they display different time series, diurnal trend and volatility. The time
series of HOA-1 has a huge peak at about 9 AM on August 27th 2013. HOA-1’s chromatogram is
mostly comprised of alkanes with carbon number 15-20, and phenanthrene. The diurnal trend of
HOA-1 peaked between 9 and 10 AM (see Figure 4.16(E)). Figure 4.15 shows that HOA-1
factor has good correlations with the integrated compounds – nonadecane (C19, R = 0.95),
phytane (C20, R = 0.95), caffeine (R = 0.95), pristane (C19, R = 0.95), cotinine (R = 0.91), etc.
The NWR plot for HOA-1 in Figure 4.17 (E) shows that HOA-1 factor has wind direction
preference from the south of the sampling site. Alkanes, pristane, and phytane are markers for
fossil fuel combustion (Rogge et al. 1993; Schauer et al. 1999; 2002). Caffeine from coffee, and
the cotinine as the marker for tobacco (de Leon et al. 2002) indicate that HOA-1 factor could be
a mixed source from locally emitted vehicle emissions, residential areas, or restaurants.
The HOA-2 factor time series has a good correlation (R = 0.65) with isoprene OOA_sulfate from
the decomposition region (see Figure 4.14(E)). The major resolved compounds in HOA-2 are
the alkanes with carbon number between 20 and 26. The diurnal trend of HOA-2 peaked in the
afternoon (see Figure 4.16F). Figure 4.15 shows HOA-2 has good correlations with the
integrated compounds – tricosane (C23, R = 0.86), hexadecanoic acid,butyl ester (R = 0.85),
tetracosane (C24, R = 0.85), tricosene (R = 0.81), docosane (C22, R = 0.80), etc. The NWR plot
shows that HOA-2 factor has the wind direction preference from the south and west of sampling
site. Alkanes can have biogenic origins as indicators for plant waxes, but there should be an
indication of an odd-carbon number preference if derived from plant waxes(Yue and Fraser
2004) , which is not observed here. Given limited chemical overlap between this HOA-2 factor
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and the isoprene OOA_sulfate component, they are likely only covarrying components due to
their source proximity to the measurement site.
HOA-3 and HOA-4 have correlation R = 0.53 and 0.54 with NOx, respectively. However, the
summation of HOA-3 and HOA-4 displays a better correlation R = 0.63 (see Table 5). HOA-4
has a very good correlation with the compound 28-Nor-17.beta.(H)-hopane (R = 0.87) (a reliable
vehicle emission marker (Fraser et al. 1999), whereas HOA-3 doesn’t show any correlation (R =
0.06) with it (see Table 5). HOA-3 contains a large fraction of UCM and a few resolved
compounds – alkanes C25-30. In addition, HOA-3 has good correlations with the integrated
compounds – 1,2,5-triphenylhexane (R = 0.81), simonellite (R = 0.83), methylhexobarbital (R =
0.78), benzylbiphenyl (R = 0.73), etc. Simonellite is a biomarker of higher plants (Bastow et al.
2001), methylhexobarbital a barbiturate, and benzylbiphenyl could have many sources, but
phenyls have been reported as tracers for waste incineration (Bi et al. 2002). HOA-4’s
chromatogram contains almost all UCM with the lowest volatility among the four types of HOA.
HOA-4 has good correlations with the integrated compounds: 28-Nor-17.beta.(H)-hopane (R =
0.87), hexatriacontane (R = 0.85), 17-alpha.(H)-21.beta.(H)-hopane (R = 0.83), pentatriacontene
(R = 0.85), tetratriacontane (R = 0.84 ), etc. 28-Nor-17.beta.(H)-hopane is a marker of diesel
fuel emission (Rogge et al. 1993), suggesting HOA-4 could be emitted from the traffic. The
diurnal trends of HOA-3 and HOA-4 both peaked in the early morning (see Figure 4.16). The
NWR plots show that both HOA-3 and HOA-4 have wind direction preference from the
northwest of the sampling site (see Figure 4.17). Major roadways exist to the west and northwest
of the sample location, which may be the source of HOA-4, and a municipal wastewater
treatment plant incinerator exists to the northwest of the sample location (Wang et al. 2011),
potentially being a contributor to HOA-3.
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4.3.4 Combined factors from decomposition and compound region
Table 4.6 lists correlation coefficients R of all the factors (and combined factors) from the
decomposition and compound regions with AMS HOA and OOA factors. In the decomposition
region, Nitrate+benzene+toluene (called TAG HOA-decomposition window) has a good
correlation (R = 0.71) with AMS HOA, and total isoprene OOA (isoprene OOA + isoprene
OOA_sulfate) has a good correlation (R = 0.67) with AMS OOA. In the compound region, SOA
(SOA-1 + SOA-2) has a correlation R = 0.57 with AMS OOA; and HOA-1+2+3+4 has a good
correlation (R = 0.72) with AMS HOA. By combining the factors from the decomposition and
compound regions, AMS HOA has the best correlation (R=0.74) with the summation of
Nitate+benzene+toluene, PAH (PAH-1+2), and HOA-1+2+3+4. This summation is called TAG
HOA, which can also be divided into TAG HOA-compound region (summation of PAH-1, PAH2 and HOA-1-4), and TAG HOA-decompound region (Nitrate+benzene+toluene). In addition,
AMS OOA has the best correlation (R = 0.76) with the summation of total isoprene OOA,
carbon_rich sulfate and SOA. This summation is called TAG OOA, which also can be divided
into TAG OOA-decomposition region (summation of total isoprene OOA and carbon_rich
sulfate) and TAG OOA-compound region (SOA). The nitrate (m/z 30) and sulfate (m/z 64, 48)
signal incorporated in these factors is a minor component of the total signal.
Figure 4.18 shows the raw signal distribution of TAG HOA and OOA in decomposition and
compound regions, and the distribution of AMS HOA and OOA. For TAG HOA, compound
region accounts for 54% of total TAG signal, whereas decomposition region only accounts for
2%. For TAG OOA, compound region accounts for 24%, and decomposition region accounts for
20%. Especially, TAG OOA-compound region only presents correlation R = 0.57 with AMS
OOA, whereas TAG OOA-decomposition region has R = 0.69 with AMS OOA. However, total
TAG OOA has improved correlation (R = 0.76) with AMS OOA. Here it is seen that the TAG
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system is more sensitive to HOA signal compared to OOA signal when referencing to the
quantitative AMS measurement. This was previously observed when determining major
components of OA using resolved TAG compounds during the SOAR campaign (Williams et al.,
2010b), where total signal from SOA tracers comprised a minor fraction of the TAG signal, but
fitting to quantitative AMS OA data amplified the SOA components dramatically. The TAG is
known to not completely transfer oxidized organic material through the long 30m GC column
due to its high polarity. The total TAG signal would have to be fully quantified with authentic
standards to convert the observed signal to mass abundance. Low volatility species
(hydrocarbons and oxygenated species alike) have decreased signal per mass injected due to poor
transfer through the GC column. Further studies also need to be performed on the decomposition
region to determine what types of multifunctional or otherwise thermally-labile species would
need to be applied for calibration standards to quantify TAG thermal decomposition signal.

4.4

Summary

The St. Louis Air Quality Regional Study (SLAQRS) was conducted during the summer and fall,
2013. A full suite of gas and particle measurements were deployed. Thermal desorption Aerosol
GC/MS (TAG) was used to measure the chemical composition of thermally-evolved materials:
the resolved compounds, Unresolved Complex Mixtures (UCM), and decomposition products.
The decomposition products in the decomposition region of TAG chromatograms pass through
the GC column without column interaction, and the compound region is comprised of resolved
compounds and UCM. Positive matrix factorization (PMF) analyses were applied to
chromatography bins’ mass spectra of the TAG particle-only data, separately for the
decomposition window (for further exploration of the composition of thermally decomposed
fragments) and the compound window (for source apportionment of eluting organic compounds
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and UCM). A nine-factor PMF solution for the TAG decomposition region was presented: two
nitrate factors (Nitrate+OOA_carboxylic acids, Nitrate+benzene+toluene), two isoprene OOA
factors (isoprene OOA, isoprene OOA_sulfate), three sulfate factors, one carbon_rich sulfate,
and one contamination factor (chloroform) from standards injected to the system. For the TAG
compound region, an eight-factor solution was explored to determine the major contributing
sources of ambient OA: two types of SOA (SOA-1, SOA-2), two types of PAHs (PAH-1, PAH2), and four types of HOA (HOA-1,2,3,4). The following significant observations were made:

1)

Nitrate+benzene+toluene was from an anthropogenic source that had a large

concentration spike over night of Sep 22nd. Benzene and toluene are highly volatile and they are
typically difficult to condense into the particle phase. There is evidence to support that these
molecules are present in the particle phase due to phase partitioning and not from thermal
decomposition of a larger thermally-labile molecule or oligomer. The possible explanation for
the existence of benzene and toluene in the particle phase is that the presence of the large amount
of alkane-like UCM in the particle phase made the compound affinities (activity coefficients) of
benzene and toluene to the particle phase extremely large.
2)

Two isoprene OOA factors both exhibit the IEPOX tracer ions – m/z 53 and 82. An

isoprene OOA factor, having good correlations with isoprene (gas phase, R = 69) and mvk_macr
(gas phase, R = 0.75), was elevated at night. An isoprene OOA_sulfate factor with elevated
sulfate tracer m/z 48 and 64, was formed in the day time in the St. Louis region when acidic
sulfate aerosols enhanced IEPOX uptake into the aerosol phase, likely through production of
dimers and organosulfates etc. A carbon-rich sulfate factor was also observed during the
presence of this isoprene OOA_sulfate factor.
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3)

Four types of HOA factors in the compound window contain alkane compounds with

different volatility. In addition, HOA-1 has good correlations with alkanes indicative of fossil
fuel combustion, caffeine (R = 0.95), and cotinine (tobacco tracer, R = 0.91), suggesting its
source could be from local traffic, residential areas, or restaurants. HOA-2 is not identified, but
comes from the same direction as the previously described isoprene OOA_sulfate factor. HOA-3
could be partially caused by a local wastewater treatment plant incinerator as evidenced by some
marker compounds and wind direction, and HOA-4 has a good correlation with the compound:
28-Nor-17.beta.(H)-hopane (R = 0.87), a marker of diesel fuel combustion, suggesting its source
could be traffic.
4)

The summation of three sulfate factors and one carbon-rich sulfate factors has a good

correlation (R=0.8) with AMS sulfate, suggesting that m/z 48 and 64 in the TAG decomposition
window are the reliable tracers for aerosol sulfate.
5)

TAG decomposition-OOA (the summation of two isoprene OOA factors and carbon-rich

sulfate, accounts for 20% of total signal) has the correlation R = 0.69 with AMS OOA factor, and
TAG compound-OOA (the summation of SOA-1 and SOA-2, accounts for 24% of total signal)
has the correlation R = 0.55 with AMS OOA factor. However the summation of TAG
decomposition and compound OOA displays an improved correlation R = 0.76 with AMS OOA,
indicating there are important fractions of aerosol OOA in both the TAG compound window and
the newly analyzed TAG decomposition window. Therefore, including the decomposition
region in the PMF analysis with the binning method can significantly improve the analyzed OOA
mass. The TAG system is more sensitive to HOA due to easy throughput of nonpolar species
through a long GC column. Calibration standards in the compound window and decomposition
window would be needed to compare to AMS results in a quantitative way. While calibration
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standards exist for the compound window, further work needs to be done to calibrate the
decomposition window signal.
Future work will be done to combine multiple PMF methods (binned TAG decomposition
window data, binned TAG compound window data, integrated TAG resolved compounds, AMS
OA, and PTR-MS VOCs/OVOCs) to better identify the exact sources of the major pollutants
observed during the SLAQRS 2013 study. Quantitative AMS data will be utilized to estimate
relative contributions from major OA sources to total OA concentrations.
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Table 4.1. SLAQRS sampling time periods and TAG sampling modes
Sampling periods
1.
Aug. 4 – Aug. 24
2.
Aug. 24 – Sep. 13
3.
Sep. 16 – Oct. 11

Sampling type
Every three ambient followed by one filtered
Alternate between ambient and denuded
Alternate between ambient and filtered

Table 4.2. Correlation coefficients R of factors in the decomposition region.

Pearson R
Isoprene OOA_sulfate

Isoprene
OOA_sulfate

Sulfate-1

1.00

0.28

0.28

1.00

Sulfate-1

Isoprene
OOA

Isoprene OOA

Carbon-rich
sulfate

Sulfate-2

0.57

Nitrate+OOA_
carboxylic
acids
0.05

0.43

0.17

1.00

Carbon-rich sulfate

Sulfate-3

0.30

Nitrate+
benzene+
toluene
0.00

0.04

0.66

-0.08

0.71

0.15

0.16

0.33

-0.04

0.41

1.00

-0.06

0.35

0.07

0.52

1.00

0.09

0.18

0.13

1.00

-0.05

0.89

1.00

0.00

Nitrate+OOA_
carboxylic acids
Sulfate-2
Nitrate+
benzene+toluene
Sulfate-3

1.00

Table 4.3. Correlation coefficients R of factors in compound region.
Pearson R

SOA-1

SOA-2

PAH-1

HOA-1

HOA-2

PAH-2

HOA-3

HOA-4

SOA-1

1.00

-0.46

0.47

0.22

0.19

-0.09

-0.08

0.05

1.00

-0.17

-0.08

-0.38

-0.27

-0.28

-0.26

1.00

0.05

0.29

-0.22

-0.15

0.19

1.00

-0.12

-0.05

0.01

0.04

1.00

-0.25

-0.07

-0.13

1.00

0.40

0.28

1.00

0.56

SOA-2
PAH-1
HOA-1
HOA-2

0.33

PAH-2
HOA-3
HOA-4

1.00
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Table 4.4. Correlation coefficients R of factors in decomposition and compound regions.
SOA-1
Pearson R
Isoprene OOA_sulfate
Sulfate-1
Isoprene OOA
Carbon-rich sulfate

SOA-2

PAH-1

HOA-1

HOA-2

PAH-2

HOA-3

HOA-4

HOA-3+4

0.40

-0.21

0.10

-0.06

0.64

-0.24

-0.07

-0.16

-0.14

0.51

0.00

0.66

0.17

0.31

-0.32

-0.25

-0.06

-0.16

0.48

-0.13

0.24

0.43

0.20

-0.33

-0.10

0.01

-0.04

-0.25

-0.15

-0.22

-0.22

-0.02

0.28

-0.17

-0.05

0.36

Nitrate+OOA_
carboxylic acids
Sulfate-2

0.25

0.07

-0.06

0.25

-0.17

0.21

0.12

0.14

0.14

0.21

0.41

0.26

0.06

0.03

-0.25

-0.23

-0.18

-0.22

Nitrate+
benzene+toluene
Sulfate-3

-0.23

0.46

-0.12

0.18

0.04

-0.10

0.07

0.01

0.04

0.22

0.43

0.26

0.15

0.12

-0.32

-0.27

-0.20

-0.26

0.34

0.30

0.43

0.13

0.15

-0.31

-0.27

-0.15

-0.23

Sulfate-1+2+3

Table 4.5. Correlation coefficients R of factors with various supporting measurements.
Nox

CO

O3

SO2
0.19

OOA
(AMS)
0.50

Sulfate
(AMS)
0.45

isoprene OOA_sulfate

-0.20

-0.09

0.35

sulfate1

-0.23

-0.14

-0.20

0.31

0.29

0.45

0.77

isoprene OOA

-0.16

carbon_rich sulfate

-0.19

-0.01
-0.09

0.02

0.01

0.31

0.55

0.31

-0.17

0.26

0.07

0.41

0.40

0.12

0.18

0.25

0.00

0.04

0.33

0.13

-0.11

-0.11

-0.12

-0.25

0.32

0.25

0.44

0.74

0.43

0.39

0.08

0.37

0.71

-0.14

-0.06

-0.01

-0.14

sulfate 3

-0.27

sulfate-1+2+3

-0.28

-0.11

-0.09

-0.13

-0.24

0.32

0.26

0.49

0.78

-0.13

-0.09

-0.15

-0.24

0.36

0.30

0.47

0.80

Total isoprene OOA

-0.21

-0.14

-0.01

-0.07

-0.02

0.18

0.32

0.67

0.46

isoprene OOA_sulfate + HOA-2

-0.34

-0.28

-0.24

-0.29

-0.05

0.38

0.17

0.27

0.24

SOA1

-0.14

-0.04

0.18

-0.04

0.09

0.12

0.04

0.55

0.09

SOA2

-0.13

0.03

-0.08

-0.09

-0.23

0.04

-0.01

-0.14

0.17

PAH-1

-0.13

-0.17

0.21

-0.23

0.12

0.24

0.04

-0.43

-0.31

HOA-1

0.02

-0.02

-0.01

0.11

0.06

-0.06

0.17

0.08

0.06

HOA-2

-0.34

-0.32

-0.26

-0.29

-0.02

0.35

0.18

0.12

0.17

PAH-2

0.40

0.30

0.35

0.48

0.42

-0.22

-0.12

-0.09

-0.04

HOA-3

0.53

0.39

0.06

0.50

0.53

-0.34

-0.06

-0.09

-0.14

HOA-4

0.54

0.25

0.87

0.43

0.83

-0.30

-0.11

-0.27

-0.31

HOA-3+4

0.61

0.35

0.86

0.52

0.82

-0.36

-0.10

-0.23

-0.29

Pearson R

Nitrate+OOA_
carboxylic acids
sulfate2
Nitrate+benzene+toluene

Hopane*
-0.18

BC
(Aeth)
-0.12

HOA
(AMS)
-0.08

-0.05

-0.16

-0.13

0.14

-0.04

-0.16

0.03

0.08

-0.27

*hopane is 28-Nor-17.beta.(H)-hopane
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Table 4.6. The combined factors from the decomposition and compound regions are compared
to the AMS HOA and OOA factors. The letters denote the factors in decomposition and
compound regions.
Pearson R
TAG decomposition window factors
a.
b.
c.
d.
e.
region)

Nitrate+OOA_carboxylic acids
Total isoprene OOA (isoprene OOA + isoprene OOA_ sulfate)
Carbon_rich sulfate
Sulfate (sulfate 1+2+3)
Nitrate+beneze+toluene (called TAG HOA-decomposition

AMS HOA

AMS OOA

0.25
-0.02
-0.17
-0.24
0.71

0.33
0.67
0.41
0.47
-0.01

-0.01
0.28
0.72

0.57
-0.36
-0.12

─
─
─
─
─
─

0.74
0.76
0.69
0.69
0.72
0.69

0.72
0.74
0.73

─
─
─

TAG compound window factors
f.
g.
h.

SOA (SOA-1+2) (called TAG OOA-compound region)
PAH (PAH-1+2)
HOA (HOA-1+2+3+4)

TAG combined OOA
b+f
b + c + f (called TAG OOA)
b + c (called TAG OOA-decomposition region)
a+b+f
a+b+c+f
a+b+c+d+f

TAG combined HOA
e+h
e + g + h (called TAG HOA)
g + h (called TAG HOA-compound region)

Table 4.7. TAG sample contaminations during the SLAQRS campaign
Contamination source

Compound name

Major ions

Major signal region in chromatogram

Air leak
Graphite ferrule
Injected standards Solvent
GC column bleed

N2,O2,Ar,CO2
Carbon dioxide
Chloroform
Dimethylpolysiloxane

28,32,40,44
44
83,85
207,281

Decomposition
Decomposition
Decomposition
Compound
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A

B

Figure 4.1. (A) Schematic of TAG. (B) Top: the temperatures versus retention time for the TAG
collection and thermal desorption cell (CTD) and GC oven; bottom: a TAG chromatogram
example shows the decomposition and compound regions. The UCM denotes unresolved complex
mixture.
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Figure 4.2. Overview of the SLAQRS campaign
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Figure 4.3. Q/Qexp values and ∆Q/Qexp versus factor number: (A) for TAG decomposition region
with bin width 30 scan points in the sampling periods 1+2+3, and (B) for TAG compound region
with bin width five scan points in the sampling periods 1+2. Q/Qexp values versus fpeak: (C) for
TAG decomposition region nine-factor solution in the sampling periods 1+2+3, and (D) for TAG
compound region eight-factor solution in the sampling periods 1+2. For the decomposition region,
∆Q/Qexp starts to be stable at the factor number 9, and for the compound region, ∆Q/Qexp starts
to be stable at the factor number 8.
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Figure 4.4. Nine-factor solution of TAG decomposition region with 30 scan points in the sampling
time periods 1+2+3: mass spectra (A-G), time series (H-N),
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(A)

(B)

(C)

Figure 4.5. (A-B) the chromatogram and mass spectra of two-factor solution (HOA and OOA)
PMF on the compound region with bin width 30 scan points in the sampling time period 1+2+3.
(C) Time series of Nitrate+Benzene+Toluene and HOA factors.
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Figure 4.6. The ion signal distribution of m/z 78 and 91 from the decomposition region in ambient,
filtered, denuded, particle, and cell blank.
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x 10000
Relative signal (TIC)

Nitrate+OOA_carboxylic acids
Nitrate+benzene+toluene
Isoprene OOA
Isoprene OOA_sulfate
sulfate-1
Sulfate-2
Sulfate-3
Carbon-rich sulfate

120

90

60

30

0
6.12

7.58

9.04

10.50

11.96

13.43

14.89

Retention time (min)

Figure 4.7. Nine-factor solution for TAG decomposition region with 30 scan points in the
sampling time periods 1+2+3: chromatograms.
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Figure 4.8. Nine-factor solution for TAG decomposition region with 30 scan points in the
sampling time periods 1+2+3: diurnal profiles.
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Figure 4.9. Nonparametric Wind Regression (NWR) for decomposition region factors. The angle
represents wind direction, and the radius represents the relative signal intensity (here is TIC) from
that wind direction.
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Figure 4.10. The diurnals of isoprene, methy vinyl ketone_mathacrolein (mvk_macr) measured
by PTR-MS, sulfate measured by AMS, and O3 measured by gas analyzer.

Figure 4.11. Time series of two isoprene OOA factors, from the nine-factor decomposition region,
are shown in detail from the Aug 26 to 31, when the isoprene emission was continuously high.
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Hydrocarbon (blue)

Non-hydrocarbon (red)

1. phenanthrene (C14H10)

1. benzoic acid

2. fluoranthene (C16H10)

2. phthalic acid

3. pyrene (C16H10)

3. 3-methylphthalic acid

4. heneicosane (C21)

4. pelletierine

5. docosane (C22)

5. 4-methylphthalic acid

6. tricosane (C23)

6. phthalimide

7. tetracosane (C24)

7. 12-hydroxydodecanoic acid

8. pentacosane (C25)

8. fluorenone

9. hexacosane (C26)

9. 2-Pentadecanone,6,10,14-trimethyl

10. heptacosane (C27)

10. anthraquinone

11. octacosane (C28)

11. benzothiazole

12. nonacosane (C29)

12. 9,10-Anthracenedione

13. heptadecane (C17)

13. octanoic acid

14. nonadecane (C19)

14. myosmine

15. biphenyl

15. dibenzofuran

16. fluorene (C13H10)

16. pinonaldehyde

17. octadecane (C18)

17. dibenzothiophene

18. pyrene, 1-methyl-

18. benzophenone

19. hexadecane (C16)
20. eicosane (C20)
21. 1-pentadecene
22. naphthalene, 2-methyl23. pristine (C19)
24. naphthalene
25. phenanthrene, 2-methyl
26. naphthalene, 2-phenyl-

Figure 4.12. Eight-factor solution for TAG compound region with five scan points in the sampling
time periods 1+2: chromatograms with the identified major compounds.
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Figure 4.13. Eight-factor solution for TAG compound region with five scan points in the sampling
time periods 1+2: mass spectra.

163

Figure 4.14. Eight-factor solution for TAG compound region with five scan points in the sampling
time periods 1+2: time series.
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Figure 4.15 Correlation coefficients R (>0.5) of factors from compound region with integrated
compounds.
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Figure 4.16. Eight-factor solution for TAG compound region with five scan points in the sampling
time periods 1+2: diurnal profiles.
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Figure 4.17. Nonparametric Wind Regression (NWR) for compound region factors in Figure 6.
The angle represents wind direction, and the radius represents the relative signal intensity (here is
TIC) from that wind direction.
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A.

2%
HOA decomposition
region

TAG

24%
OOA compound
region

B.

AMS
HOA
18%

54%
HOA compound
region

OOA
82%

20%
OOA decomposition
region

Figure 4.18. (A) The signal distribution of the TAG HOA and OOA factors summarized in Table
2. (B) The signal distribution of AMS HOA and OOA factors.
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Chapter 5: Validation of Positive Matrix Factorization for
Atmospheric Aerosol Source Apportionment in the
Controlled Laboratory System
Abstract
Positive Matrix Factorization (PMF) is a widely used receptor model for emission source
apportionment of ambient atmospheric measurements of gas or aerosol chemical properties. To
date, there are no laboratory studies published that assess the degree of accuracy and/or
reproducibility of this technique used to separate covarrying chemical components. We
performed simple mimics of atmospheric plumes (and mixed plumes) by generating primary and
secondary emissions in a custom built combustion chamber coupled with a Potential Aerosol
Mass (PAM) reactor. A Thermal desorption Aerosol GC/MS (TAG) and an Aerodyne Aerosol
Mass Spectrometer (AMS) measured the aerosol composition. PMF was then applied to the mass
spectra of the TAG chromatography “bins” and that of the AMS, separately. PMF appears to
work successfully for analysis of TAG chromatograms on the sources with high signal intensity.
However, PMF only works well for the AMS measurements on sources with high measurement
intensity that have a distinctive mass spectrum. We thus find that, for application of PMF on
receptor measurements, high signal intensity and unique measurement profile, like TAG
chromatograms, are keys to successful source apportionment.
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5.1 Introduction
Knowledge of local and regional meteorology combined with an understanding of the major
sources contributing to air pollution are necessary for effective air quality management. There
are two ways for apportioning pollutants: (i) a top down approach involving ambient sampling,
sample analysis, and receptor modeling and (ii) the bottom up approach involving emission
inventory and dispersion modelling. In the first case, Positive Matrix Factorization (PMF) is a
widely used receptor model. PMF separates the profile mixture (made up of different sources,
transformations, or meteorological changes) sampled at the receptor site into factors, or major
components, based on the covariance of input parameters (e.g., individual compounds, ions,
elements, or mass spectra).
Mathematically, PMF is a multivariate factor analysis tool that decomposes a matrix X into two
matrices: factor contributions G and factor profiles F, with a residual matrix E. X can be
expressed as
𝑋 = 𝐺𝐹 + 𝐸 .

(5.1)

This model is fitted by weighted least-squares, with the weights based on the known uncertainty
of input data matrix X. Thus, the objective of PMF is to minimize the functionQ described
below:
𝑒2

𝑖𝑗
𝑄 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 𝜎2 , subject to 𝑔𝑖𝑘 ≥ 0 and𝑓𝑘𝑗 ≥ 0,
𝑖𝑗

(5.2)

where 𝑒𝑖𝑗 , 𝑔𝑖𝑘 , and 𝑓𝑘𝑗 are elements of matrices E, G, and F; and 𝜎𝑖𝑗 is the known uncertainty of
𝑥𝑖𝑗 , which is an element of matrix X (Paatero 1997; Paatero and Tapper 1994). PMF has been
applied in the various fields, such as facial image representation and semantic analysis of text
documents (Lee and Seung 1999).
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For source apportionment of atmospheric aerosols, PMF was first applied to data collected on
filter samples such as inorganic ions, elemental carbon and organic carbon (EC and OC), and
trace metals (Chueinta et al. 2000; Ito et al. 2004; Lee et al. 1999; Ramadan et al. 2000; Zhang et
al. 2011). Recently, the commercial Aerodyne aerosol mass spectrometer (AMS), which
measures the chemical composition of submicron aerosols (Canagaratna et al. 2007), is highly
reliant on PMF to analyze its mass spectra data for source apportionment (Ulbrich et al. 2009;
Zhang et al. 2011). AMS PMF separation of the organic aerosol (OA) fraction originally created
two major components, hydrocarbon-like organic aerosol (HOA) and oxygenated organic aerosol
(OOA) (Zhang et al. 2007). More recent AMS PMF evaluation has identified components such
as; low-volatility OOA (LV-OOA), semi-volatile OOA (SV-OOA), isoprene derived OOA
(IEPOX-OOA), biomass burning OA (BBOA), cooking OA (COA), and more (Mohr et al. 2012,
Xu et al. 2015). The reason LV-OOA and SV-OOA have been identified is due to use of a
thermal denuder where additional volatility separation brings more mass spectral distinction
between these components. In 2010, Slowik et al. combined the aerosol composition from AMS
measurements with Volatile Organic Compound (VOC) measurements from Proton Transfer
Reaction Mass Spectrometers (PTR-MS) into a single dataset for the PMF analysis (Slowik et al.
2010). Furthermore, PMF analysis has been performed on speciated organic compounds
measured by the thermal desorption aerosol gas chromatograph (TAG) to identify major
components contributing to submicron OA in the atmosphere (Williams et al. 2010; Zhao et al.
2013). The enhanced chemical resolution of the TAG system has been shown to deliver PMF
components with more distinct profiles compared to AMS PMF components, helping to identify
the origin of the components (Williams et al. 2010). Corrigan et al. also applied PMF to the
Fourier Transform Infrared (FTIR) spectra to apportion the organic functional groups (Corrigan
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et al. 2013). Because of the apparent success and versatility of PMF, it is widely used in the topdown approach for the source apportionment.
Despite its popularity, there has been no systematic evaluation of how accurate PMF really is for
the types of aerosol profiles observed in the ambient atmosphere, nor what parameters are key
for a successful source apportionment by this approach. To address this issue and validate PMF
as a receptor model for source apportionment, we developed a series of laboratory experiments
that range from simple single-emission systems to a more complicated, multi-emission system by
generating and measuring several primary and secondary aerosol sources.

5.2 Methods
5.2.1 Experimental setup
The laboratory setup for this study is shown in Figure 5.1. Primary emissions from biomass
burning under smoldering conditions were generated in a custom built 1.5 m3 chamber. The
chamber was built from stainless steel parts (80/20 Inc.; Columbia City, IN) with glass windows
fitted in the 80/20 slots. It was divided into two parts: the emission chamber is ~1 m3 has and
contains 12 independently heated cups through LabVIEW-based PID controls, and a mixing
chamber that is ~0.5 m3 to better mix and time-average emissions. The emissions pass through a
particle size-cut cyclone (operated at 16.7 L min-to achieve 1 m cutoff size) to remove supermicron sized aerosols before entering the Potential Aerosol Mass (PAM) reactor, a custom built
Oxidative Flow Reactor (OFR) (Kang et al. 2007, 2011). The PAM reactor oxidation is set to
zero (lights-off) when delivering purely primary emissions to the measurement systems.
Secondary emissions from VOC precursors were generated in the PAM reactor. A 3 L SilcoCan
canister (Restek; Bellefonte, PA) was used to make VOC standards at 30 psig of either isoprene
or toluene which we would then release at 20 sccm to the PAM reactor through a mass flow
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controller (Pneucleus Technologies LLC). No seed aerosol was used to condense SOA in this
study. The PAM is equipped with low-pressure mercury lamps (BHK, Inc; Ontario, CA)
generating light with peak wavelengths at 185nm and 254nm, favorable for ozone and OH
radical generation in the reactor. Additional ozone is provided by an external ozone generator to
initiate OH production. The exposure of these oxidants to our aerosol was controlled by varying
the light intensity on the lamps by stepping their voltage. Relative humidity is controlled by
introduction of a side stream of humidified N2 through Naphion membranes (PermaPure LLC;)
Manual preparation of the canister is required, as well as manual loading of the combustion cups
in the emission chamber, however flowrates, humidity control, and temperature cycling were
fully automated.. Throughout the study, we used a suite of online detection instruments. In this
paper, the data from thermal desorption aerosol gas chromatograph (TAG; Williams et al., 2006),
Aerodyne aerosol mass spectrometer (AMS; Aerodyne, Inc; Billerica, MA), and a scanning
mobility particle sizer spectrometer (SMPS; DMA Model 3081, Classifier 3080, CPC 3022A;
TSI Inc., Shoreview, MN) are utilized.
We burned the same mass amount (~0.1 g) for three types of biomass: dry oak heartwood, oak
leaves (still green), and pine needles in the combustion chamber to generate fresh (primary)
emissions. In separate experiments, isoprene or toluene (Sigma Aldrich 99%) were introduced
into the PAM reactor with flow rate 20 sccm to generate secondary organic aerosol (SOA) from
gas-to-particle phase partitioning of resulting oxidation products from the precursor isoprene and
toluene volatile organic compounds (VOCs). In order to adequately test PMF, we employed two
experimental designs in this work. First, the individual sources were introduced to the system
separately. Before introducing the next source, the system was cleaned and conditioned
overnight to remove any background contamination from carryover. Second, a series of sources
173

were introduced sequentially, at hourly intervals, to the system without cleaning and
conditioning. This way, carryover from different sources was allowed, testing PMF’s capability
to separate individual factors.
AMS sampled particles continuously with data acquisition frequency 0.017 Hz, and TAG
collected both particles and semi-volatile gases, and then measured them on a hourly time
resolution. In the first design, TAG only sampled once each time a different source was
introduced. In the second design, TAG sampled once each hour, and every hour, a new source
was added to the system. The experiment designs are summarized in Table 1.

5.2.2 PMF data Analysis
PMF was applied to the mass spectra of AMS and TAG, separately. The binning method, which
is described in detail by Zhang et al.(Zhang et al. 2014, Zhang et al. In Preparation), was used for
TAG data. Briefly, this method divides an entire chromatogram into bins of equal size, and PMF
is applied to the mass spectra of each bin. The PMF profile of this TAG binning method is the
mass spectral resolved chromatogram. TAG chromatograms can be divided into two sections: (i)
the portion with resolved peaks (called compound window), and (ii) the portion at the beginning
of the chromatogram when there is no column interaction with the material vapor (called
decomposition window). Williams et al reports a significant portion of oxygenated organic
compounds is in the decomposition window (Williams et al. In Preparation). In our analysis, we
thus included the TAG decomposition window for SOA samples generated in the PAM reactor.
In this paper, the decomposition window in the chromatogram is from 1238 to 4487
chromatographic scan points (16 minutes chromatogram retention time), and the compound
window is from 4488 to 9337 scan points (24 minutes chromatogram retention time).
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The ToF-AMS Analysis Toolkit 1.52J version was used to generate the AMS data and error
matrices for PMF fitting. TAG sample’s chromatograms were blank subtracted for system
background before the PMF fitting. The PMF error matrix for TAG samples was calculated by
the Total Measurement Uncertainty (TMU) method, introduced in detail by Zhang et al. (Zhang
et al. In-Preparation). The CU AMS PMF Execute Calcs Tool 2.06 version was used for the PMF
fitting. For the data in the first design experiment, PMF analysis was performed on the combined
individual samples: one sample’s time line was appended at the end of another sample’s time
line to form an artificial continuous timeline. In the second design, PMF analysis was performed
on the experimental sampling time line. The PMF fitting on these two designs are summarized in
the Table 5.1.

5.3 Results and discussion
5.3.1 PMF on the AMS individual samples
Figure 5.2 shows the time series whereas Figure 5.3 shows the mass spectra of the AMS PMF
in the first experiment design. PMF factors were compared to the raw time series and mass
spectra for these set of runs. From the factors time series compared to the individual samples,
PMF is able to separate the sources without time-and-space overlay. How well they match
depends on the two parameters according to the results here: (a) measurement signal intensity,
(b) source profile discrepancy. The higher signal a source has, the better the PMF fitting for it
will be. The isoprene SOA, with much higher measurement signal intensity than toluene SOA,
has better PMF fitting for both time series and mass spectra. PMF is a least-squares fitting based
on the measurement uncertainties by estimation. So PMF fitting is a problem of truly estimating
the uncertainties. The uncertainty for AMS mass spectra is the square root of ion counts. It is
observed to work well here for normal and high signals. However, as the measured values
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decrease, it can be very difficult to get good error estimation for the values, especially near the
detection limit. This is why PMF only works well for the high signal measurements. In addition,
PMF fitting quality is diminished with source profiles that have significant similarities/overlap.
The isoprene SOA and oak heartwood burning display similar source profiles in terms of mass
spectra, causing the fitting time series to differ from the individual samples’ time series: the
isoprene SOA fitting time series claims a portion of signal from the oak heartwood’s time series.

5.3.2 PMF on the TAG individual samples
The two parameters for determining the PMF fitting quality, derived from PMF on the AMS
individual samples in the first experiment design, are also applicable to the PMF analysis on the
TAG individual samples in the first experiment design. Figure 5.4 and Figure 5.5 are the time
series and chromatograms, respectively. Their factors are also compared to the individual
samples. PMF worked remarkably well for the TAG individual samples. This can also be
explained by the same two parameters highlighted from the AMS PMF analysis: (a)
measurement signal intensity, and (b) source profile discrepancy. The five individual TAG
samples have comparable signal intensities, and display distinctive discrepancies in their
chromatogram profiles.
In Figure 5.4, the mismatch between F2 and isoprene SOA is pronounced. The PMF fitting time
series is higher than the original time series of isoprene SOA. The reason is there are negative
signals in the isoprene SOA sample (it can be seen from the chromatogram profile). The negative
values are due to the absence of an immediate cell blank (did not acquire an immediate cell blank
at time of sampling, and had to use a later cell blank) which was used for subtracting the system
background from the sample. However, PMF only generates positive time series and profiles as
it is a non-negative fitting model. In the future, in order to obtain a decent PMF fitting, we must
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record regular system backgrounds. In addition, negative values in the input matrix of PMF
should be avoided as PMF won’t generate meaningful results for negative input values.

5.3.3 PMF on the overlapping AMS samples
Figure 5.6 and Figure 5.7 show the time series and mass spectra of PMF on the AMS overlaid
samples (second experiment design). The AMS input total signal (Hz) is low comparing to the
signal of AMS individual samples. Because of this, we don’t expect as good a fit for PMF as for
Section 5.3.1 and 5.3.2. However, PMF is still able to separate the major sources in the different
regions of the experiment running time. In the region 1 of Figure 5.6, when the oak leaves were
burned, the biggest portion is 55% from F1, and the mass spectrum of F1 matches that of oak
leaves burning. In the region 2, when oak heartwood was burned, the biggest portion is 71%
from F2, and F2 has a very similar mass spectrum to that of oak heartwood burning. In the region
3 when pine needles were burned, the biggest portion is 49% from F3, and F3 has a similar mass
spectrum to that of the pine needle. The residence time of a single biomass (oak heartwood)
burning sample in the combustion chamber was measured by SMPS and is shown in Figure 5.8.
The first hour of the residence time accounts for 58% of the total signal, and the second hour
accounts for another 33% signal. This is consistent with the results we observed here: the major
source for each region is the biomass burned in this region. However, considerable contributions
from F2 and F3 are present in the first burn that should have only contained F1. This could be
caused by the low signal as referenced earlier, and the similarity of sources tested here (e.g., all
biomass burning sources). In the perspective of mass concentration, the first burn’s total organic
concentration is ranged between 0 and 3 µg/m3. This range of organic aerosol concentration is
mostly observed in the remote air (Zhang et al. 2007).
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5.3.4 PMF on the overlapping TAG samples
Figures 5.9, 5.11 and5.12 are the PMF fitting results on the four overlapping TAG samples.
Figure 5.9 displays the time series of the three PMF factors, total number concentration, AMS
organics, and TAG input total ion signals for these four samples. The pie charts in Figure 5.9
show the factor distribution for each of the four TAG samples. The pie charts in Figure 5.11
shows how much of each of the four TAG samples contributed to the total signal from each of
the three factors (F1, F2, and F3). Figure 5.12 shows the mass spectra of the three PMF fitting
factors.
PMF worked relatively well on the overlapping TAG samples. The TAG chromatograms for
different sources have distinctive profiles, which helps with PMF fitting. Although the same
amount of the three types of biomass were burned, and the total number concentrations are
comparable for them, the mass signals when burning the oak heartwood and pine needles are
higher than the one when the oak leaves were burned (first source). That is because before
burning oak heartwood and pine needles, the system already has the seed particles from the
burning the oak leaves, and when oak heartwood or pine needles were burned, the semivolatile
gases experience enhanced partitioning onto the pre-existing seed particles (from previous burns)
to form larger particles. Figure 5.10 shows the size distribution in the second experiment design.
The particle size mode increased from 110nm, 140nm, 150nm, to 180nm from TAG sample 1 to
sample 4. This can also be the explanation for the mass spectral differences between fitting
factors and the corresponding individual samples, as we would expect enhancement of
semivolatile molecules to alter the resulting chromatogram structure. This is a process expected
in real atmospheric processes, and is important to consider when interpreting ambient PMF
analysis results.
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5.4 Conclusions
We conducted laboratory studies for validating the PMF capability for separating air pollution
sources from receptor measurements. In order to mimic real atmospheric pollution sources,
biomass burning aerosol and SOA from VOC oxidation were generated in a controlled lab
system for collection and analysis by AMS (bulk MS signatures) and TAG (GC separated MS).
Two strategies of source generation/sample collection were adopted: different sources were
generated (1) with, (2) without time-and-space overlay. A PMF analysis on the first strategy
AMS data shows PMF works well for sources with high signal and distinctive mass spectra
profile. The second strategy AMS has low input total signal, and PMF did not achieve exact
source separation, but still separated the major sources along the experiment running time. For
the first strategy TAG data, PMF achieved exact source separation, likely due to TAG input data
having high signals and containing distinct chromatogram profiles of the different sources.
Additional chemical separation does benefit PMF’s ability to determine appropriate factors.
PMF also worked very well for the second strategy TAG data with overlapping complex sources.
Observations from this study highlight the requirement of high measurement signal intensity and
distinct profiles as critical components of a successful PMF fitting on receptor measurements.
Phase partitioning can cause changes to measurement profiles and has the potential to
significantly alter the PMF fitting of receptor measurements and should be considered when
interpreting PMF results.
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Figure 5.1. Experimental setup

Table 5.1. The experimental designs

The
first
design

The
second
design

Source generation
Each sample was
generated individually
without time and
space overlap.

Sampling Measurement
AM continuous online measurement for
S
a time period for each individual
sample
TAG One collection and measurement
for each individual sample

Each sample was
introduced hourly and
sequentially, and their
residence times were
time-and-space
overlapped.

AM
S

continuous online measurement for
a time period for overlaid samples

TAG One collection and measurement
for each hour. Total was 4 samples
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PMF fitting
PMF analysis was
performed on the
combined individual
samples with each
sample appended in the
time series dimension.
PMF analysis was
performed on the
samples in the
experiment running
timeline.

Figure 5.2. Time series of PMF on the AMS three individual samples in the first experiment
design: isoprene SOA, oak heartwood burning, and toluene SOA. The factor time series (lines) are
also compared to the individual samples’ time series (markers).
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Figure 5.3. Mass spectra of PMF on the AMS three individual samples in the first design: isoprene
SOA, oak heart wood burning, and toluene SOA. The factor mass spectra (top of each panel) are
also compared to the individual samples’ mass spectra (middle of each panel), with their
differences highlighted (bottom of each panel).
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Figure 5.4. Time series of PMF on the TAG five individual samples in the first design: pine needle
burning, isoprene SOA, and toluene SOA, oak heartwood burning, and oak leaves burning. The
factor time series (lines) are also compared to the individual samples’ time series (markers).
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Figure 5.5. Chromatograms of PMF on the TAG five individual samples in the first design: pine
needle burning, isoprene SOA, and toluene SOA, oak heartwood burning, and oak leaves burning.
The factor chromatograms (top of each panel) are also compared to the individual sample
chromatograms (middle of each panel), with differences highlighted (bottom of each panel).
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Figure 5.6. Time series of PMF on the AMS overlaid samples in the second design: oak leaf, oak
heartwood, and pine needles. The pie charts display the makeup of each region, which lasts one
hour.
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Figure 5.7. Mass spectra of PMF on the AMS overlaid samples in the second design: oak leaf, oak
heartwood, and pine needles. The mass spectra of factors are also compared to the ones of the
corresponding individual samples.
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Figure 5.8. Residence time of the combustion chamber for the oak heartwood burning. The
percentages are the signal percentages for each half hour of the residence time.

Figure 5. 9. Time series of PMF on the TAG overlaid samples in the second experiment design:
oak leaves, oak heartwood, and pine needles. The pie charts display the makeup of 4 TAG samples.
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Figure 5. 10. Size distributions in the second experiment design: oak leaves, oak heartwood, and
pine needles.
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Figure 5.11. The time series signal distribution of three TAG PMF factors (in Figure 5.9) in the
four samples. A. PMF factor 1 (F1); B. PMF factor 2 (F2); C. PMF factor 3 (F3); D. F1/TAG
collection time; E. F2/TAG collection time; F. F3/TAG collection time.
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Figure 5.12. Chromatogram profiles of PMF on the TAG overlaid samples in the second
experiment design: oak leaves, oak heartwood, and pine needles. The chromatograms of factors
(top of each panel) are also compared to the ones of the corresponding individual samples (middle
of each panel), with differences highlighted (bottom of each panel).
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Chapter 6: Conclusions

Abstract
I developed a novel data analysis method for Gas Chromatography/Mass Spectra (GC/MS) data.
This data binning method divides the whole chromatogram into bins and utilizes Positive Matrix
Factorization (PMF) to find the covariance of chromatogram major components. Different
arrangements of binned mass spectra data in the PMF data matrix affect factors’ physical
representation. Two arrangements were explored here, a binning method for chromatogram
deconvolution, and a second binning method for source apportionment. These methods
dramatically speed the GC/MS data analysis time, and incorporate the UCM within the PMF
analysis. I then applied this method for source apportionment to thermal desorption aerosol gas
chromatograph (TAG) measurements that I acquired during the study of St. Louis Air Quality
Regional Study (SLAQRS) 2013. Several PMF factors were explored and related to the potential
sources. Finally, I performed a PMF capability test by sampling primary and secondary organic
aerosols in a controlled laboratory system and utilizing PMF to separate a pre-determined source
mixture. Distinct chemical profiles and high signal intensity are key parameters to a successful
PMF fitting.

6.1 Advanced data analysis development for Gas
Chromatography/Mass Spectrometry (GC/MS) data
A new technique for data analysis of GC/MS was investigated using the TAG dataset from the
Study of Organic Aerosol at Riverside (SOAR) 2005. The hourly chromatograms were divided
into evenly spaced “chromatography bins” of which the summed mass spectra were used to
perform factor analysis by Positive Matrix Factorization (PMF). Different arrangements of bins’
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mass spectra data can affect the PMF results. If mass spectra index is in the profile dimension,
and bin number and sample number are in the time series dimension, PMF groups components
into factors with similar mass spectra, such as major contributing individual compounds, UCM
with similar functional composition, and homologous compound series. This type of PMF
analysis is described as the binning method for chromatogram deconvolution. In the second
scenario, where the sample number is in the time series dimension and the bin number and mass
spectra index, arranged as mass spectra resolved retention time/chromatogram (bin number), are
in the profile dimension, then PMF acts to group components with similar time series trends.
This type of PMF analysis is described as binning method for source apportionment. These
methods significantly speed up data analysis of high time resolution chromatography samples
and incorporates UCM mass, in comparison to the traditional analysis method of chromatograms
where individual compounds are identify and integrated. A comparison between binned PMF
analysis and compound-integration PMF analysis of TAG samples from the SOAR study yields
similar sources/components, with binned PMF analysis having a better overall match to an
independent PMF analysis from aerosol mass spectrometry (AMS) data, likely from the
inclusion of additional UCM signal when using the binning technique.

6.2 Major components of aerosols measured by TAG during the
2013 SLAQRS campaign
The St. Louis Air Quality Regional Study (SLAQRS) was conducted during the summer and fall
of 2013 in East St. Louis, MO. A full suite of gas and particle measurements were deployed. The
thermal desorption aerosol gas chromatograph (TAG) was used to measure the chemical
composition of thermally-evolved materials: the resolved compounds, Unresolved Complex
Mixtures (UCM), and thermal decomposition products. The decomposition products in the newly
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analyzed decomposition region of TAG chromatograms are thermally decomposed fragments of
inorganic molecules and oxygenated organic material that pass through the GC without column
interaction, and the compound region was comprised of resolved compounds and UCM. Positive
matrix factorization (PMF) analyses were applied to chromatography bins’ mass spectra of the
TAG particle-only data, separately for the decomposition window (for further exploration of the
composition of thermally decomposed fragments) and the compound window (for source
apportionment of eluting organic compounds and UCM). A nine-factor PMF solution for the
TAG decomposition region was presented: two nitrate factors (Nitrate+OOA_carboxylic acids,
Nitrate+benzene+toluene), two isoprene OOA factors (isoprene OOA, isoprene OOA_sulfate),
three sulfate factors, one carbon_rich sulfate, and one contamination factor (chloroform) from
standards injected to the system. For the TAG compound region, an eight-factor solution was
explored to determine the major contributing sources of ambient OA: two types of SOA (SOA-1,
SOA-2), two types of PAHs (PAH-1, PAH-2), and four types of HOA (HOA-1,2,3,4). The
following significant observations were made:
(1)

Nitrate+benzene+toluene was from an anthropogenic source that had a large

concentration spike over night of Sep 22nd. Benzene and toluene are highly volatile and they are
typically difficult to condense into the particle phase. There is evidence to support that these
molecules are present in the particle phase due to phase partitioning and not from thermal
decomposition of a larger thermally-labile molecule or oligomer. The possible explanation for
the existence of benzene and toluene in the particle phase is that the presence of the large amount
of alkane-like UCM in the particle phase greatly enhanced the compound affinities (activity
coefficients) of benzene and toluene to the particle phase.
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(2)

Two isoprene OOA factors both exhibit the IEPOX tracer ions – m/z 53 and 82. An

isoprene OOA factor, having good correlations with isoprene (gas phase, R = 69) and mvk_macr
(gas phase, R = 0.75), was elevated at night. An isoprene OOA_sulfate factor with elevated
sulfate tracer m/z 48 and 64, was formed in the day time in the St. Louis region when acidic
sulfate aerosols enhanced IEPOX uptake into the aerosol phase, likely through production of
dimers and organosulfates etc. A carbon-rich sulfate factor was also observed during the
presence of this isoprene OOA_sulfate factor.
(3)

Four types of HOA factors in the compound window contain alkane compounds with

different volatility. In addition, HOA-1 has good correlations with alkanes indicative of fossil
fuel combustion, caffeine (R = 0.95), and cotinine (tobacco tracer, R = 0.91), suggesting its
source could be from local traffic, residential areas, or restaurants. HOA-2 is not identified, but
comes from the same direction as the previously described isoprene OOA_sulfate factor. HOA-3
could be partially caused by a local wastewater treatment plant incinerator as evidenced by some
marker compounds and wind direction, and HOA-4 has a good correlation with the compound:
28-Nor-17.beta.(H)-hopane (R = 0.87), a marker of diesel fuel combustion, suggesting its source
could be traffic.
(4)

The summation of three sulfate factors and one carbon-rich sulfate factors has a good

correlation (R=0.8) with AMS sulfate, suggesting that m/z 48 and 64 in the TAG decomposition
window are the reliable tracers for aerosol sulfate.
(5)

TAG decomposition-OOA (the summation of two isoprene OOA factors and carbon-rich

sulfate, accounts for 20% of total signal) has the correlation R = 0.69 with AMS OOA factor, and
TAG compound-OOA (the summation of SOA-1 and SOA-2, accounts for 24% of total signal)
has the correlation R = 0.55 with AMS OOA factor. However the summation of TAG
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decomposition and compound OOA displays an improved correlation R = 0.76 with AMS OOA,
indicating there are important fractions of aerosol OOA in both the TAG compound window and
the newly analyzed TAG decomposition window. Therefore, including the decomposition
region in the PMF analysis with the binning method can significantly improve the analyzed OOA
mass. The TAG system is more sensitive to HOA due to easy throughput of nonpolar species
through a long GC column. Calibration standards in the compound window and decomposition
window would be needed to compare to AMS results in a quantitative way. While calibration
standards exist for the compound window, further work needs to be done to calibrate the
decomposition window signal.

6.3 PMF capability test
We conducted laboratory studies for validating the PMF capability for separating air pollution
sources from receptor measurements. In order to mimic real atmospheric pollution sources,
biomass burning aerosol and SOA from VOC oxidation were generated in a controlled lab
system for collection and analysis by AMS (bulk MS signatures) and TAG (GC separated MS).
Two strategies of source generation/sample collection were adopted: different sources were
generated (1) with, (2) without time-and-space overlay. A PMF analysis on the first strategy
AMS data shows PMF works well for sources with high signal and distinctive mass spectra
profile. The second strategy AMS has low input total signal, and PMF did not achieve exact
source separation, but still separated the major sources along the experiment running time. For
the first strategy TAG data, PMF achieved exact source separation, likely due to TAG input data
having high signals and containing distinct chromatogram profiles of the different sources.
Additional chemical separation does benefit PMF’s ability to determine appropriate factors.
PMF also worked very well for the second strategy TAG data with overlapping complex sources.
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Observations from this study highlight the requirement of high measurement signal intensity and
distinct profiles as critical components of a successful PMF fitting on receptor measurements.
Phase partitioning can cause changes to measurement profiles and has the potential to
significantly alter the PMF fitting of receptor measurements and should be considered when
interpreting PMF results.

6.4 Future work
6.4.1 Future work for binning method
6.4.1.1 Error analysis for Positive Matrix Factorization (PMF) factor solutions
The error analysis should be applied to the binning data. Uncertainty in PMF analyses arises
from three main reasons: (1) random errors in data values; (2) rotational ambiguity; and (3)
modelling errors. The error analysis can provide critical information on whether a solution
should be interpreted in TAG binning method PMF solutions. The EPA (Environmental
Protection Agency) PMF recommends three methods for estimating the uncertainty in PMF
factor solutions: bootstrapping (BS), displacement of factor elements (DISP), and bootstrap
enhanced by displacement of factor elements (BS-DISP). Variation in PMF solution has been
traditionally assessed via BS. In the BS, multiple PMF solutions are generated by using a series
of data sets that are resampled versions of the original data set. BS intervals include effects of
random errors and partially include rotational ambiguity. DISP obtains uncertainty estimates for
individual variables in fitted source profiles repeatedly by fitting the model so that each variable
is displaced from its fitted value. DISP intervals include effects and random error and rotational
ambiguity. BS-DISP is more robust for including effects of random errors and rotational
ambiguity (Brown et al. 2015; Paatero et al. 2014).
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6.4.1.2 Consideration of uncertainties from source variability and atmospheric
aging in PMF analysis
PMF is often a problem of truly estimating the uncertainty in a value. Part of that uncertainty is
measurement error, which is considered in my work. Another part of uncertainty is the variability
of the source profiles. In addition, the atmospheric aging of sources also causes the uncertainty.
The future direction of error estimation should focus to address these problems. For example, a
global uncertainty could be introduced to the model analysis, or the linearity of PMF model
could be used to account for the source change from source to receptor, etc.

6.4.1.3 PMF analysis using Multilinear Engine (ME)
There are two different algorithms for solving the PMF model. These two programs are PMF2
and Multilinear Engine (ME-2). They use different algorithms to obtain the least-squares
solution and the constraints are imposed in different ways (Ramadan et al. 2003). In my thesis,
PMF2 was used to perform all PMF analysis. It would be good to have the results from ME-2
algorithms and compare the results from PMF2 and ME-2.

6.4.1.4 Binning method application
The binning method should be continued to be developed and applied for GC/MS data. It should
also be tested on other measurement techniques (e.g., mass spectrometry and spectroscopy, etc.)
that have some degree of additional separation (e.g., volatility, hygroscopicity, electrical
mobility, etc.). The volatility and polarity separator (VAPS), currently under development in the
Williams Lab at Washington University, is one type of organic aerosol measurement technique
with multiple separations – volatility and polarity separated mass spectra of organic aerosol. A
VAPS field study data set contains four dimensions: volatility, polarity, mass spectra index m/z,
and sample number. This new complex data structure can be handled by binning method for
source apportionment. The arrangement of the 4-dimensional data can be as follows: the sample
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number is in the time series dimension, and the bin number and mass spectra index, arranged as
binned volatility and polarity-resolved mass spectra, are in the profile dimension. The resulting
PMF solution will group components (volatility and polarity bins) with similar time series trends.

6.4.2 Future work for the SLAQRS dataset
For TAG, calibration standards in the compound window and decomposition window would be
needed to compare to AMS results in a quantitative way. While calibration standards exist (and
were applied) for the compound window, further work needs to be done to calibrate the
decomposition window signal.
For the source apportionment on the SLAQRS dataset, future work will be done to combine
multiple PMF methods (binned TAG decomposition window data, binned TAG compound
window data, integrated TAG resolved compounds, AMS OA, and PTR-MS VOCs/OVOCs) to
better identify the exact sources of the major pollutants observed during the SLAQRS 2013
study. Quantitative AMS data will be utilized to estimate relative contributions from major OA
sources to total OA concentrations.

6.4.3 Future work for PMF capability test
While our initial PMF capability test was informative, a more rigorous PMF test using a longer
time scale experiment with repeat pulses of primary and secondary sources, overlapping of
various sources in different combinations, and even variable dilution ratios should be tested to
better mimic real atmospheric aerosol signals that would arrive at a receptor site. Dilution tests
specifically would aid our understanding of how PMF deals with the effect of phase partitioningdriven changes to source profiles.
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